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ABSTRACT OF THESIS 
 
 
CONNECTED AND AUTONOMOUS VEHICLES  
EFFECTS ON EMERGENCY RESPONSE TIMES 
 
Emergency response times have been shown to be directly correlated with mortality 
rates of out-of-hospital patients. Studies have been conducted to show the relationship 
between time and mortality rates until patients receive the proper treatment. With more 
cardiac arrests and other life threatening illnesses occurring in the United States, more 
emergency calls will be required as well. As of today, technological advancements have 
been made to reduce response times, but human factors still require certain procedures, 
causing delays in the run time and increasing the rate of mortality. Here we show the results 
of emergency response times with the market penetration of connected and autonomous 
vehicles. With connected and autonomous vehicles, the average time emergency vehicles 
spend on the roadways can be significantly decreased. Safety procedures with human 
drivers can be eliminated, giving the emergency vehicle a proper right-of-way through 
virtual emergency lanes and removing the need to slow down and avoid vehicles at 
intersections or during periods of heavy congestion. Our results show a three minute 
decrease in response time under full market penetration of the technology, reducing the 
mortality rate and increasing the potential to save lives.  
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CHAPTER 1.  INTRODUCTION 
Forecasting the relationship between connected and autonomous vehicles and 
emergency response times is the concern of this thesis. Approximately 94% of crashes are 
correlated to the human causation (NHTSA, 2015). Connected and autonomous vehicles 
(CAV) have the ability to remove human error and prevent crashes, saving lives on 
roadways. However, this research broadens the scope to show life savings through quicker 
emergency response times (ERT) for emergency medical services (EMS) by eliminating 
human driver interference through the market penetration of connected and autonomous 
vehicle technology.  
The objective of this thesis is to show the relations between CAVs and quicker 
ERTs through current data and the theoretical improvements posed by the technology. By 
breaking down each disruption of response time affected by human drivers, the technology 
of CAVs aims to eliminate the human interference and cause a reduction in the ERT.  
This chapter aims to explore the motivation behind this research and tell the story of 
the past, present, and future direction of emergency response times from the 
implementation of connected and autonomous technology. 
 
1.1 Motivation 
Every day, people lose their lives by natural causes, accidents, acute health issues, or 
even natural disasters. The top causes of death in the United States for 2016 include heart 
disease, cancer, accidents, chronic lower respiratory diseases, stroke, Alzheimer’s disease, 
diabetes, influenza, nephritis, and intentional self-harm (CDC, 2017). The types of deaths 
are correlated with response times, as some are time-sensitive and require immediate 
medical attention. Pre-hospital fatalities make up 16% of all fatalities in the United States 
(Pell et al., 2001). Removing the fatalities from immediate impacts, most pre-hospital 
fatalities occur from longer emergency response times. Emergency dispatchers today are 
equipped with live location data of the emergency units, which allows for the closest unit 
to respond to a call (LFUCG, 2019). Even though dispatching the closest unit available 
will save time in responding, human drivers and EMS response procedures still slow the 
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EMS unit down, whether for an inattentive driver or an intersection ill-prepared for an 
emergency vehicle approach. 
Emergency medical service workers and dispatchers have been saving lives in the 
United States since 1865, when the first ambulance service was opened in Cincinnati, Ohio 
(“History of Ambulances”, 2019). Over the course of EMS history, technological 
advancements such as the automobile and the telephone have created quicker ERTs. With 
the technology of today, the dispatchers and drivers use their knowledge of the area, global 
positioning systems (GPS), automated vehicle locators (AVL) and current applications like 
Waze or Google Maps to see the current conditions of the roadways when determining 
which route to take to a scene or trauma center. Although the technology used is helpful, 
drivers still do not know the exact positioning of vehicles, congestion levels, and even the 
time it takes for the vehicles to clear space for EMS. First responders get stuck in traffic, 
at intersections, and at railroad crossings causing slower response times, which begs the 
question: Can connected and autonomous vehicle technology assist EMS first responders 
in quicker response times to save patient lives? 
The current infrastructure does not currently include connected technology in most 
cities, but implementing the technology is possible. The market penetration of the 
technology has been limited to certain cities for testing. Although a fully autonomous fleet 
will not be here in the near future, lower level CAV features have already penetrated the 
market, causing a heterogeneous fleet mix and creating partial improvements compared to 
major improvements from a fully penetrated market (Kalra and Paddock, 2016).  
 
1.2 Problem Statement 
Under perfect conditions, EMS first responders would be able to arrive at an incident 
instantaneously. For the 16% of the 2.6 million fatalities occurring outside of hospitals in 
the United States, the instantaneous response time would be able to save over 400,000 lives 
(Nichols, 2017). 
Unfortunately, first responders do not have the ability to arrive at every incident 
instantaneously. The golden standard for response times as of today is 9 minutes (“Bureau 
of Emergency Medical Services,” 2018). Response times rely on a caller, a dispatcher, first 
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responders, and travel time to the incident, which takes an average of 9 minutes for 
response time.  
Research shows that a one-minute delay in emergency response time increases the 
mortality rate by 1% to 2% (RapidSOS). By decreasing the response time by at least one 
minute, thousands of lives could be saved across the nation. With full market penetration 
of connected and autonomous vehicle technology, decreasing emergency response time is 
possible on the national level, and many lives could be saved in the process. Although the 
technology has the potential to save many lives, complete autonomy and connectivity have 
not penetrated the market yet. Without full market penetration, mixed traffic fleets will 
either show positive or negative effects (Kluger et al., 2018), but the emergency response 
times will be affected, potentially saving or costing lives in the process.  
In response to this problem, this study proposes to see how fast emergency response 
times are under perfect conditions, which would be at free flow speed plus 10 miles per 
hour. Next, the market penetration of connected and autonomous vehicles will be broken 
down to see how the technology responds to emergency responders. Finally, through 
simulation and current data, the technology will be compared to current response times, 
showing the amount of lives that could be saved by percent of market penetration.  
 
1.3 Scope 
Showing the relations between ERTs and CAVs is the reason for this thesis. However, 
only some CAV technology has penetrated the market, limiting the statistically significant 
improvements in ERTs through the promising technology. Some research has been done 
on connected technology, but nothing has been developed showing the life savings due to 
a full market penetration of CAVs. This section discusses a concept for showing 
improvements of the technology upon penetration of the market. 
The scope of this study is to show how connected technology, autonomous technology, 
and connected and autonomous technology can decrease emergency response times and 
save lives. The first thing to look into is the available data. By contacting local agencies 
and national data agencies, the data can be found. The next portion is to begin analyzing 
data from the Lexington-Fayette EMS run logs of January 2019 (NEMSIS, 2019). KCTCS 
has the data for all of the run logs and street addresses associated with each call. The run 
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times will be joined to existing data from the Lexington community website (LFUCG, 
2019). The data includes street addresses, all roads (with speed limits), fire station points, 
and trauma center points. With both the NEMSIS and LFUCG data sets, the data can be 
joined within ArcMap, finding the route distances of EMS. Although the data is useful, 
route origins were not provided, necessitating an assumption that each route begins at the 
nearest fire station for each specific call. 
Estimating run times becomes more complex because congestion levels and roadway 
types are added to the mix. After filtering through the current response data, the congestion 
levels and roadway types are needed as well. Data from the urbanized area are analyzed, 
as well as the roadway types from the Kentucky Transportation Cabinet’s (KYTC) 
Highway Information System (HIS). EMS vehicle miles traveled (VMT) is unclear, but an 
estimation is used from the types and percentages of different roadway facilities. The 
roadway facilities and different congestion levels add constraints to each different run, 
causing the average run time to reflect how the roadway network will increase or decrease 
the travel time. 
Once all of the data is analyzed, the final step is to create an equation to estimate run 
times. With a wide variety in run times, the average run time and congestion level 
percentage is used for the equation calibration. The estimations are then used to compare 
the response time under the full market penetration of CAVs. Fully connected and 
autonomous vehicles pose a new approach to EMS maneuvering of intersections, which 
could then change simulations as well. Once the change in response time is calculated, the 
mortality percentage of response times is shown to calculate the number of lives saved. 
 
1.4 Research Methodology and Outline 
Although CAV technology has not completely penetrated the market, this study 
examines the current conditions and future conditions of emergency response times. 
Chapter 2, “Analysis of Emergency Response Procedures and Times Today” provides the 
background of emergency responders. Emergency response time is directly affected by the 
procedures and precautions outlined by policy makers and emergency officials. By 
reviewing the procedures, it becomes apparent that many are in place due to human drivers, 
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meaning that replacement of human drivers will eliminate some procedures and allow for 
quicker response times. 
Chapter 3, “Connected and Autonomous Technology,” provides the background of the 
technology in place or upcoming. By understanding the potential of CAVs and forecasting 
methods laid out today, it is possible to show exactly what technology will replace in the 
roadway network and how the technology will improve current systems. Once the 
technology takes over human driving, forecasting the number of lives saved due to 
decreased ERTs becomes apparent. 
Chapter 4, “Emergency Response Times with Connected and Autonomous Vehicles,” 
opens the door for new intersection and roadway maneuvers through the introduction of 
virtual emergency lanes (VEL). With new driver clearances for emergency vehicle right-
of-way posed and full market penetration of CAV technology, forecasting the number of 
lives saved due to quicker response times is calculated using a forecasting tool, 
ddEMSCAT (data driven Emergency Medical Services with Connected and Autonomous 
Technology) developed as part of this research. The forecasting tool takes data from EMS, 
roadway characteristics, and market penetration to predict the lives saved through CAVs. 
A sensitivity analysis was created to show the percent change in each input of the tool. 
Chapter 5, “Case Studies,” shows three different fire calls occurring in Lexington, 
Kentucky at various times throughout the week. By plugging each case into ddEMSCAT, 
the times are compared between real-life scenarios and the estimated scenarios. Following 
calibration, conclusions can be made of the benefits of CAVs, shown in chapter 6. 
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CHAPTER 2.  ANALYSIS OF EMERGENCY RESPONSE TIMES/PROCEDURES TODAY 
Emergency response times and procedures have improved over the past three 
decades but have recently plateaued. Technology has helped to improve the system, but 
human drivers are interfering with emergency vehicles, resulting in slower response times. 
This chapter discusses typical procedures today, types of calls, typical response times, and 
an interview discussing the need for technological improvements. 
 
2.1 Typical Response Procedures 
 
Across the nation, emergency response generally follows a typical procedure. 
Figure 2.1 provides a visual representation of emergency response. The first step following 
an emergency, generally, is to call 9-1-1. Once 9-1-1 is called, the dispatcher must ask 
questions focused on deciding whether to deploy police, medical, or fire personnel. Once 
the information is processed, the dispatcher then has to determine which personnel to 
dispatch to a scene or incident, giving the EMS details needed for the given call. Next, the 
run, which covers the EMS enroute to the EMS arrival, occurs, showing the best possible 
route to get to the scene and begin treatment. After giving treatment, the paramedics or 
firemen will assess the situation and determine whether hospitalization is required 
immediately. Finally, if the patient requires hospitalization, a crew will transport the 
patient. After transporting the patient and completing any necessary paperwork, a crew will 
then contact the dispatcher and return to service.  
 
 
Figure 2.1 A visual representation of typical response procedures. 
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2.1.1 Call Services 
Call services include the first portion of emergency response, but emergency calls 
have not always been easy. Calling for an emergency was difficult when someone had to 
run and find a telephone until technology evolved. When cell phones became popular in 
the mid-1990’s, the benefit of creating an easier ability to call an emergency in occurred. 
Mobile phone data even helps to improve emergency response during natural disasters by 
showing call data from providers and creating a spatial frequency (Gething, 2011). Another 
type of technology is the medical alert system. Medical alert systems are wearable devices 
to alert dispatchers when an emergency happens. Medical alert systems are usually used 
by the elderly and patients living at home. Although calling in emergencies is easier, the 
caller or medical alert system still needs to be able to indicate the type of emergency, which 
is difficult when the caller cannot talk or does not know enough information. The 
dispatcher is tasked with understanding the call and figuring out the right personnel to 
deploy. 
 
2.1.2 Dispatching 
Dispatching is one of the most important parts of the emergency response process. 
To start, the dispatcher must identify the need for emergency services, as well as which 
vehicles to dispatch. The dispatcher uses the information from the caller to assess what 
type of emergency personnel is needed. The main types of emergencies are police, fire, and 
EMS, sometimes a mix of the three. Once the type of emergency is understood, the 
dispatcher will listen further to the caller to filter the information and hone in on the exact 
incident or complaint to provide the first responder with the exact information needed to 
treat the patient. Once the information is collected, the dispatcher picks an appropriate 
emergency unit for the job. Today, technology has replaced the human aspects of picking 
the best available unit. 
The technology helping dispatchers today is the automated vehicle locator (AVL). 
AVLs were first introduced in the early 1990’s for transit agencies, but have since been 
taken over by emergency responders as well (Peng et al., 1999). Unfortunately, research 
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shows how the technology only has minor impacts on the total response time, as the major 
contributor to slowing response time is the actual run time, not the dispatch (Lum, 2008). 
AVLs help to cover more of an area and allow the dispatcher to know which unit to send. 
Some places, like the City of Louisville, do not house EMS units and spread their units 
around the coverage area based on historical data and population data, allowing for optimal 
coverage. Other places, like the City of Lexington, have fire stations or ambulance stations 
housing the units for resupply and 24-hour service. If the unit is not in the station, the AVL 
can still choose a particular unit if the unit is closest to a particular call and in service. Both 
methods use AVL to help dispatch the appropriate unit. 
Figure 2.2 below shows a typical dispatch inquiry in Lexington, Kentucky. The 
location was covered to avoid HIPAA violations (“Health Information Privacy,” 2019). 
The inquiry shows the type of call, nature of the call, location, alarm time, dispatch time, 
enroute time, arrival time, and closing time of the incident. 
 
Figure 2.2 Typical dispatch inquiry from the City of Lexington. 
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2.1.3 Response 
Emergency response is the key component of this thesis, as this variable will be 
affected by connected and autonomous vehicles. The response goes through three different 
components, including the origin, the route, and the arrival. This section discusses the 
routes and types of roadways an emergency vehicle may take to respond to a scene. Two 
considerations must be noted in this section, including non-emergent calls and calls 
occurring while the vehicle is already on scene. Non-emergent calls include a hospital 
transport and calls without time-sensitive emergencies, such as a broken foot. Non-
emergent calls contain the upper bound of outliers, as the call can be managed with longer 
response times. On the other hand, calls occurring while the EV is already on scene will 
completely eliminate response time, which would make up the lower bound of outliers, 
usually including a response time of 0 to 10 seconds. Each response usually takes more 
than one functional class of roadway, but most EVs drive approximately 10 mph over the 
speed limit of each given roadway, weather permitting (VFIS, 2000). 
 
2.1.3.1 Leaving the Station or Origin 
As discussed in dispatching above, emergency vehicles are dispatched based on 
location to the incident, whether the vehicle is at a station or already on the roadway. The 
start of the trip takes an average of one minute to leave the station or starting point and 
clear the initial intersection of the fire department driveway and the roadway. Within this 
first minute, the driver starts the vehicle and the rest of the crew get situated as the EV 
departs. At this moment, the dispatcher is alerted from the EV and places the enroute time, 
shown in Figure 2.2 above.  
 
2.1.3.2 Signalized Intersections 
After leaving the station, emergency vehicles will need to take different roadways 
and cross signalized intersections where human drivers tend to interfere with the response 
and lengthen the response time. During the approach to the intersection, the EV driver is 
required to change the siren sound and begin to slow down no later than 200 feet from the 
intersection. Once the vehicle arrives to the intersection while red, first responders are 
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required to stop to clear the intersection, then proceed safely to the scene (VFIS, 2000). 
Slowing down and stopping at intersections is a large variable in determining response time 
because the human element can be eliminated here, creating a quicker response time. If the 
signal is green in the direction the emergency vehicle is traveling, then the vehicle can 
proceed as normal, slowing down slightly to stay aware of human drivers along the route.  
 
2.1.3.3 Effects of Preemption on Signalized Intersections 
Preemptive signals have the ability to eliminate the red light for emergency 
vehicles, which would allow the EV to respond quicker in most situations, but the 
technology does not work unless conditions work well for the sensors (“Common Problems 
with Preemption Systems,” 2015). The technology has problems with line of sight in cities 
due to the emitter not signaling around buildings or over long distances. Preemption does 
not accommodate for traffic jams, which would still slow the EV down on most roadway 
types without a wide enough shoulder. Drivers will also ignore the red light if their red 
phase lasts too long, causing the EV to stop regardless of the phase allotted. Finally, the 
EV will still need to stop at the intersection regardless of phase due to the uncertainty of 
the other drivers. In some cases, first responders need to turn at intersections, meaning they 
will still need to stop to clear the intersection if traffic is blocking the route. If the 
technology worked all of the time, then red-light signalized intersection procedures could 
be eliminated entirely, only causing the EV to slow down.  
 
2.1.3.4 Arrival on Scene 
The final part of the EV response is the arrival at the scene. The time allotted here 
is 12 seconds, which is the time it takes for a truck to stop and the first responders to exit 
the vehicle. A truck traveling at 65 MPH takes six seconds, to come to a complete stop 
(UDOT, 2016). The first responders begin to exit the vehicle and contact the dispatcher 
stating the EV is on scene, ending the run time. Upon arrival, the next step is the curb-to-
care, where the average time is 3.5 minutes, +/- 1.7 minutes, according to a study on out-
of-hospital cardiac arrests (Gillam, 2017). Most jurisdictions do not keep track of curb-to-
care time, which is usually eliminated during the response time calculations. Once the 
patient is in the hands of the first responders, the total response time ends. 
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2.1.3.5 Run Time Formula 
Proposed run time equations identify the variance in types of roadway, times and 
locations of emergency calls. Even with the varying types of calls, collecting the typical 
run information can deliver an approximate estimate of response times today. To estimate 
response time in the equations below, a constant is given from the origin of response and 
arrival on scene, which is one minute and twelve seconds, or 1.2 minutes. The constant 
shows the time to leave the stations and time to arrive, which is not always collected 
properly in the data. The next part of the equation is the speed on the open road, which can 
be calculated by taking the distance on the facility and dividing by the facility speed limit 
and adding 10 MPH for the maximum speed an EV can travel. Equation 1 below shows 
the time formula for open road emergency response. 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1:   
𝐿𝐿
𝑆𝑆𝐿𝐿 + 10𝑚𝑚𝑚𝑚ℎ
𝑥𝑥 60 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 + 1.2 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 
L = Length (miles) 
SL = Speed Limit (Miles per Hour) 
To accommodate the different traffic volumes at different times, congestion levels 
can be approximated for different times throughout the day with Google Maps (“Google 
Maps,” 2019). Google uses three different colors to show the traffic levels, including green 
for light congestion, yellow for medium congestion, and red for heavy congestion. To 
evaluate congestion labels further, at a 50 mph speed limit, light congestion means that 
traffic is flowing at 50 mph or higher, medium congestion represents 25 mph to 50 mph, 
and heavy congestion represents 0 mph to 25 mph (Bierdorfer, 2016). Under light 
conditions, Equation 1 remains the same, but medium and heavy congestion will cause 
slower response times. Since the range for medium traffic is from 25 mph to 50 mph, 37.5 
is the center point and the best representation for the medium congestion since Google 
Maps does not show the exact speeds. Since 37.5 mph is 75% of the speed limit, 0.75 is 
added to the formula for medium congestion levels. Likewise, 25% is used for the heavy 
congestion, since the center point is 12.5 mph for the 0 to 25 mph range and 12.5 is 25% 
of 50 mph. Equations 2 and 3 represent the medium and heavy traffic conditions 
respectively, allowing for the EV to maintain a 10 mph speed advantage over the normal 
speeds of vehicles. 
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𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2:   
𝐿𝐿
𝑆𝑆𝐿𝐿 ∗ 0.75 + 10𝑚𝑚𝑚𝑚ℎ
𝑥𝑥 60 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 + 1.2 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3:   
𝐿𝐿
𝑆𝑆𝐿𝐿 ∗ 0.25 + 10𝑚𝑚𝑚𝑚ℎ
𝑥𝑥 60 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 + 1.2 𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 
Signalized intersections can cause an increase in response time per intersection. 
Red signals require the vehicles to come to a complete stop, while green signals could have 
the emergency vehicle continue without disruption, or cause even more disruption. 
Equation 4 shows the amount of time it takes to clear a signalized intersection during a red 
light for major roadways and equation 5 shows the time during a green light for major 
roadways. The EV needs to be begin deceleration before the intersection, and travel 10 
mph through the 250 foot approach, coming to a stop at the intersection. Entering a red 
signalized intersection takes 22 seconds, and then the acceleration time to reach the desired 
vehicle speed from Equations 1 through 3 takes 8 seconds for trucks. For green lights, 
simply traveling at 10 mph through the intersection (unless making a turn) will take 20 
seconds. Not all emergency vehicles slow down to 10 mph at an intersection, but the 
average would indicate so. The constants for red and green lights are added to the equation, 
but one key limitation is the amount of green time for each roadway. Green time varies for 
every intersection, but for this study, major roadways will receive 67% of green time due 
to the typical volume/capacity ratio, while the minor roadways receive the remaining 33%. 
Although the green ratio is shown, the light is not necessarily green the entire time. Red 
and yellow time are factored into each light at a 3 minute cycle length, showing a 62.5% 
green for major roadways, 37.5% red for major roadways, 29.2% green for minor 
roadways, and 60.8% red for minor roadways. 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4:𝑁𝑁 ∗ .625 ∗
20 𝑚𝑚𝑚𝑚𝑠𝑠
60 𝑚𝑚𝑚𝑚𝑠𝑠/𝑚𝑚𝐸𝐸𝐸𝐸
 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 5:𝑁𝑁 ∗ .375 ∗
30 𝑚𝑚𝑚𝑚𝑠𝑠
60 𝑚𝑚𝑚𝑚𝑠𝑠/𝑚𝑚𝐸𝐸𝐸𝐸
 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 6:𝑁𝑁 ∗ .292 ∗
20 𝑚𝑚𝑚𝑚𝑠𝑠
60 𝑚𝑚𝑚𝑚𝑠𝑠/𝑚𝑚𝐸𝐸𝐸𝐸
 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 7:𝑁𝑁 ∗ .608 ∗
30 𝑚𝑚𝑚𝑚𝑠𝑠
60 𝑚𝑚𝑚𝑚𝑠𝑠/𝑚𝑚𝐸𝐸𝐸𝐸
 
N = Number of Intersections per functional class of roadway 
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2.1.4 Transport to Trauma Center 
The final portion of EMS response times and procedures is the hospital transport if 
the patient is needing a trauma center. The “Golden Hour” was considered the life or death 
marker for patients to get to a trauma center from the time of the incident. The “Golden 
Hour” is actually shown to be a hoax, as some cases require less than an hour, and some 
can be maintained with more than one hour and still show survival (Lerner and Moscati, 
2001). The “Golden Hour” has been reevaluated as of recent times, as the average medical 
call ends in 36.5 minutes today (Newby, 2015). Transports to trauma centers are important 
if the patient has a time sensitive injury or illness, requiring surgery or proper medical tools. 
Transport time varies from patient to patient, as well as location, where some cases are in 
rural areas, or the trauma center does not have the proper tools and another transport is 
needed. Quicker transports can require flight ambulances to finish the trip in some cases, 
but this thesis only contains vehicle transports.  
To calculate the typical response time from the scene to the trauma center, the 
equations above can be used. By selecting the route taken, time of day, and the distance 
from the scene to the trauma center, the equations can calculate the time it takes. The 
transport times are also affected by human interference, railroad crossings, and weather. 
By changing the drivers from human driven vehicles to CAVs, transport times can be 
decreased, possibly saving lives as well. 
 
2.2 Types of Calls 
 
Ambulance services are faced with numerous calls, varying from the non-emergent 
broken feet to life-threatening emergencies such as a cardiac arrest. With the variety of 
calls, the crew and dispatcher need to determine whether the call is emergent or not, since 
a non-emergent call can cause an ambulance to be out-of-service and cause an emergent 
call to be missed, possibly resulting in a death. Medical alert systems can cause the initial 
call to be emergent or non-emergent, causing the data to show “Not Available” and EMS 
will respond as if the call was emergent. By looking at the types of calls throughout the 
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nation and Fayette County, Kentucky, it is possible to see how many lives can be saved by 
quicker emergency response times. 
 
2.2.1 Types of Calls and Deaths across the Nation 
The National Emergency Medical Services Information System (NEMSIS) shows 
statistics on EMS responses and the types of calls received around the country. NEMSIS 
began in 1973 and was funded by NHTSA to begin the data collection process for EMS 
(NEMSIS, 2019). The types of calls vary from state to state, but the data shows every 
different type of call. Per year, the United States collects 240 million calls. (“9-1-1 
Statistics,” 2017). Of the 240 million calls, half of the calls are considered emergent, and 
only 46.8 million are emergent medical calls. With the remaining 46.8 million calls, only 
11.7 million, or 25% are considered life-threatening. Life threatening calls are considered 
to be cardiac arrests (9.7%), neurological (6.4%), trauma (2.6%), and other (6.6%) 
(RapidSOS). Although the types of calls can be found, the ways people are dying shows 
the importance of each call. 
As of 2016, the leading causes of death in America have remained unchanged in 
rankings, but the statistics show a lot of detail in choosing whether a call is important or 
not. By looking at Table 2.1 below, heart disease is the number one killer in the United 
States with over 630,000 deaths (CDC, 2017). 15% of all cardiac arrests use ambulances, 
with approximately 121.5 million adults living with a cardiovascular disease (American 
Heart Association, 2019). Most of the cardiac arrests occur in the hospital, but that does 
not mean response time cannot change the effects of the life or death situations. By having 
a quicker response time, the survival rates are still increased. The remaining types of deaths 
are considered “other” for life threatening, which means that 15.3% of all time-sensitive 
emergency calls use the rest of the list of deaths.  
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Table 2.1 Top causes of death in the United States, 2016 (CDC, 2017). 
 
 
2.2.2 Calls in Lexington 
An open records request was sent to the Kentucky Emergency Medical Services 
Information System (NEMSIS, 2019) to retrieve data on typical EMS runs in Fayette 
County and Jefferson County, Kentucky. The request featured three types of data, including 
times, locations, and other. The data requested had to follow the rules under the Health 
Insurance Portability and Accountability Act (HIPAA), which states that personal patient 
data, including their name, age, address, Social Security number, physical or mental health 
condition, care provided, and payment information is protected unless used for research 
purposes.  For this project, the only information requested that would violate HIPAA is the 
address of the call and the type of injury or call dispatched. These injuries are unidentifiable 
to the person and were present on the NEMSIS website. The complete data received 
includes: 
• Call Time 
• Dispatch Time 
• Unit Enroute 
• Unit Arrives at Scene 
Type Of Death Number
Heart Disease 635,620       
Cancer 598,038       
Accidents 161,374       
Chronic Lower Respiratory 
Disease
154,596       
Stroke 142,142       
Alzheimer's 116,103       
Diabetes 80,058         
Influenza and Pneumonia 51,537         
Nephritis, Nephrotic 
Syndrome, and Nephrosis
50,046         
Suicide 44,965         
Number of Deaths for Leading 
Causes of Death, USA, 2016
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• Unit Departs Scene 
• Unit Arrives at Emergency Department 
• Origin of Dispatch 
• Patient Location 
• Location of Emergency 
• Indication of Patient Transport to Emergency Department 
• Status of Light Usage To- and From- Scene 
• Type of Injury or Call 
After the approval of the data request, all EMS data from January 2019 in Jefferson 
County and Fayette County were received. By filtering out the Jefferson County data, the 
Fayette County data contained 3,995 total records, with 1,303 non-hospitalized runs and 
2,692 hospitalized runs. Although the data included valuable information for this project, 
371 records were either incomplete or non-emergent, and most of the records did not have 
a starting point listed for the emergency vehicle. Although the automatic vehicle locator 
helps to request the nearest ambulance for a call, without the origin of the run, the location 
cannot be determined without an assumption. Hence, an assumption was made for this 
research, claiming that a record without a starting point would be traced to the nearest fire 
station, since fire stations house ambulance units in Lexington. 
Once all of the data was organized, the number of life threatening emergencies were 
analyzed. Figure 2.3 shows the 3,995 calls split up between life threatening or not. 28% of 
the calls were considered life threatening, slightly higher than the national average of 25%. 
15% of the calls were determined to be considered potentially life threatening, but the 
dispatcher did not know enough information. The maybe cases make the EMS units 
consider the call emergent, but the call may not actually be life threatening. One quarter of 
all emergencies in Lexington were considered “Not Available.” Calls considered “Not 
Available” required the EMS crew to still follow the emergency precautions and drive as 
if the call was emergent, but the conditions were unavailable. The unavailable cases were 
either not entered into the system or the dispatcher did not have enough vital information 
from the call. Of the life threatening calls, 214 (5%) were considered cardiac arrests, which 
is lower than the national average of 9.7%.  
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Figure 2.3 Percentage of life threatening emergencies, Fayette County, January 2019. 
 
2.3 Response Times and Mortality Rate 
A correlation is shown for out-of-hospital patients having a higher survival rate 
when the proper care is acquired quickly (Gilliam, 2017). The road crash mortality rate is 
shown to have a 1.0021 per mile for drivers and 1.008 per mile for passengers (Wei Hu et 
al., 2017). Although mortality rates are shown for the distance to trauma centers, the rates 
are not shown with time, which varies depending on whether the setting is urban or rural. 
Urban and rural areas differ in distance to a trauma center and connected and autonomous 
technology does not significantly affect the rural areas in terms of response time, as most 
rural roadways do not have high levels of congestion or many signalized intersections. 
Urban areas promise quicker response times when the human element is eliminated from 
the situation, posing a decrease in mortality rates. Literature shows an objective approach 
to the correlation between EMS times and mortality rates. Even though quicker EMS 
response times have a lower mortality rate, literature also shows just how much time 
savings can affect the mortality rate.  
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2.3.1 Mortality Rates Due to Life Threatening Causes 
Life threatening conditions make up approximately 25% of all medical calls across 
the nation (RapidSOS).  Life threatening causes include cardiac arrests, neurological 
illness, trauma, and other accidents like overdoses, allergic reactions, or diabetic 
emergencies. Out of the time-sensitive medical calls, cardiac diseases make up 9.7%, and 
the mortality rates over time are different, making cardiovascular disease a separate 
category below. Of the remaining 15.3%, studies have shown the mortality rates per minute 
of response time. Two different time frames show higher mortality rates, including the 
bridge between the fourth and fifth minute, and the bridge between the seventh and eighth 
minute. Mortality rates grow from a typical 0.5% growth rate, to a 1.58% growth rate, 
which means decreasing response times below these two time frames can result in the 
highest amount of survival rates (Blackwell and Kaufman, 2012, Blanchard et al, 2008). 
After the 10-minute mark, mortality rates seem to randomize and display wide confidence 
intervals. The growth rate averages a 1%-2% range for the growth rate after the 10-minute 
mark (Blanchard et al, 2008). Figure 2.4 shows the statistics from the Blanchard study, 
showing a correlation in the mortality rates over time and how a lower response time can 
greatly affect the mortality rates for time sensitive medical emergencies. Note, the figure 
shows the mortality rate within the given minute, which means the mortality rate will 
compound over time, as shown in Figure 2.5 and Figure 2.6. 
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Figure 2.4 Risk of Mortality with Respect to Response Time, (Blanchard et al, 2008) 
 
 
Figure 2.5 Mortality rate for non-cardiac life-threatening calls. 
 
2.3.2 Mortality Rates Due to Cardiovascular Disease 
The American Heart Association (AHA) publishes statistics on heart disease, 
stroke, and other cardiac diseases, with cardiovascular disease accounting for 840,678 
deaths in 2016 (American Heart Association, 2019).  Of the 840,678 deaths, 350,000 occur 
outside of hospitals, requiring EMS and a quick response, as cardiac arrests are time 
20 
 
sensitive and produce a 12% survival rate (American Heart Association, 2019).  Of all 
medical calls, cardiac arrests make up 9.7% and are extremely time sensitive. The mortality 
rate for untreated cardiac arrests increases as time increases. For every untreated minute, 
the mortality rate ranges from 7% to 10% until the first responder arrives (Link, M. S. et 
al., 2010). The range is compounded over time and shown in Error! Reference source not 
found. below. Between 10 and 15 minutes, the mortality rate reaches 100%, showing how 
time sensitive the disease is. One limitation to the cardiac arrest mortality percentage is 
how the untreated time versus proper treatment occur. Statistics are not shown for these 
cases, and an assumption is made that EMS is the first responder with proper supplies to 
save the cardiac arrest. 
 
 
Figure 2.6 Mortality rate for cardiac arrest calls for every untreated minute. 
 
2.4 Typical Response Times 
 
Response times today have a vital impact on whether a patient lives or dies. 
Although response times have improved since NHTSA recognized slow response times in 
the 1970’s (Larson and Franck, 1978), response times were still averaging 9.4 minutes for 
ambulances in 2011 (Newby, 2015) and 9 minutes for 2018 in Pennsylvania (“Bureau of 
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Emergency Medical Services”, 2018). The average time is over both major mortality time 
frames (5 minutes and 8 minutes), which needs to be improved to show higher survival 
rates. Of the 9.4 minutes, 3 minutes include the general call time, dispatch time, and time 
to enroute. This leaves approximately 6.4 minutes of run time to be influenced by CAV 
technology in the future. 
By taking the NEMSIS data from the open records request, it is possible to see the 
response times in Fayette County. Once the data was summarized, typical run times were 
calculated and placed in a table. Table 2.2 below shows the average response time for 
Fayette County to emergency calls. The key component is the time from the patient’s call 
to the arrival of the ambulance on scene, which is considered the response time from Figure 
2.1 earlier. With the average time being just over of nine minutes, the response times are 
improving from the 2011 study shown above, but seem to be similar to other areas in 2017.  
Although response times are improving from the national average, the time is still 
higher than five minutes and eight minutes, which has a large jump in mortality rate 
(Blackwell and Kaufman, 2012, Blanchard et al, 2008). Outliers also exist in the data, 
containing a minimum of zero seconds and a maximum of one hour, six minutes, and 
fourteen seconds (1:06:14). Three reasons could explain the outliers. The first being the 
ambulance being on scene already and able to help immediately. Another reason could be 
a mistake in the data. The final explanation is the chance of traffic being congested enough 
to keep an ambulance from getting through on a busy day, which still does not completely 
explain the high response time. Despite removing the outliers, the average response time 
only changes slightly. One standard deviation for the data is 4 minutes and 22 seconds, 
showing a wide spread in the number of calls. 
Table 2.2 Summary of Fayette County Run Times 
 
Average Min Max ST DEV
Time from Call to On Scene 0:09:12 0:00:00 1:06:14 04:20
Average Time To En Route 0:04:50 0:00:01 0:37:10 02:38
Run Time 0:04:22 0:00:00 0:48:26 03:31
Travel Time To Hospital 0:08:48 0:00:01 0:37:10 04:14
Total Time 0:25:08 0:00:00 2:18:24 13:45
Summary Fayette County Run Times
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Figure 2.7 Response time of emergent calls 
 
Distance to the call is important to show, as the longer the distances, the longer the 
travel time. Table 2.3 shows the average travel distance, calculated using ArcMap. By 
knowing the location of the calls and the fire stations, it is possible to see the distance to 
the call from the fire station. Unfortunately for this case, Lexington uses an AVL system 
to track the vehicles and find the closest vehicle to the scene. The data from the open 
records request did not show starting points, so the assumption was made to link each call 
location to the closest fire station. Another assumption to be made was the conversion from 
decimal degrees to miles. At the latitude of Lexington, the projection is different for 
longitude and latitude. One degree latitude is equal to 69 miles, and one degree longitude 
is equal to 51 miles at the latitude for Lexington, Kentucky. Each decimal degree was 
multiplied by the center point of the latitude and longitude, which is 60 miles. The average 
distance to a call is just less than one mile, and the standard deviation was 0.64 miles. 
Table 2.3 Summary of distances to calls 
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2.5 Interview from a Local Fire Department Lieutenant 
 
To understand how first responders feel about the current conditions and the future 
roadway technology, an interview was conducted with a local fireman. Joe Nugent, a 
lieutenant for the Lexington Fire Department Station #21, was chosen because of his 17 
year service and first responder driving experience. Below is the summary of the interview. 
Page 86 shows the full interview questions and answers. 
Routing is one of the main issues for current response because traffic congestion and 
the quickest route are not always clear. With the use of GPS and knowledge of the roadway, 
the fire department can figure out the shortest route, but online applications show traffic 
congestion and rerouting. All routes are then tracked by GPS and sent to the headquarters 
to be kept in records. 
Urgency of calls is not an issue in Lexington, Kentucky, but it can be an issue in other 
cities or towns. In Lexington, every call requires an emergent response. If the patient calls 
the dispatcher and claims the call was an accident or not emergent, then the dispatcher will 
decide on whether the emergency vehicles will still proceed to the call with lights and 
sirens, or if they can downgrade and proceed safely to the scene. 
On the run, there are protocols to be met. At green lights, the truck must slow down 
and avoid any vehicles at the intersection. At red lights, the vehicles must come to a 
complete stop to clear the intersection. Fortunately, the protocol can be flexible if the truck 
has cleared the intersection prior to stopping, saving some time in the process. Another 
issue during the run is the traffic. Traffic slows the vehicle down, causing long response 
times. On major roadways with a dedicated left-turn lane in the middle, the emergency 
vehicle can travel down the middle and clear the roadway much quicker. Sometimes the 
emergency vehicle needs to go into the opposite lane to safely pass mass levels of 
congestion, but this needs to be requested through the dispatcher or fire chief. Connected 
and autonomous technology will definitely assist emergency responders through safe and 
efficient travel times. 
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CHAPTER 3. CONNECTED AND AUTONOMOUS VEHICLE TECHNOLOGY 
Emergency response systems use technology to internally improve response times, 
but changing technology outside of the first responder’s control could be the piece to 
minimize response times. As shown in the previous chapter, 911 call services and 
dispatches have incorporated technology to minimize the dispatch time. Even with 
technological improvements prior to enroute time, the total response time still remains over 
nine minutes (“Bureau of Emergency Medical Services”, 2018). It is widely known that 
faster response times generate the best results (Lum, 2008). 
One segment of the response time lacking technological improvements is the run 
time.  Run times make up nearly 50% of the response time, yet technology has not 
drastically changed since the incorporation of global positioning systems (GPS) to find the 
quickest route to a scene. Until innovation helps emergency vehicles safely increase their 
maximum speeds, the only technology to decrease the run times is the market penetration 
of connected and autonomous vehicle technology. Without CAV technology, response 
times can only occur as fast as human involvement will allow. By eliminating the human 
element from emergency response, response times have the ability to fall under the five- 
and eight-minute critical response times, saving the highest amount of lives. Although 
humans slow the response process down, technology has helped to bring quicker response 
times and save more lives. This chapter aims to take a deeper look into the current and 
future path of connected and autonomous technology. 
 
3.1 Connected Vehicle Technology 
Interpersonal communication is difficult with the driving systems in place, as 
drivers cannot talk to one another, which usually results in anger or even the worst 
situation, an accident. Currently in place, turn signals, horns, and non-verbal 
communication are ways to communicate with other drivers or pedestrians. To 
accommodate the lack of interpersonal communication, intelligent transportation systems 
(ITS) created connected vehicle technology, aiming to provide a safer environment 
between vehicles, pedestrians, and even signalized intersections (Kluger et al., 2018). Six 
main components make up connected technology, including vehicle-to-vehicle (V2V), 
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vehicle-to-device (V2D), vehicle-to-pedestrian (V2P), vehicle-to-home (V2H), vehicle-to-
grid (V2G), and vehicle-to-infrastructure (V2I) shown in Figure 3.1 (“Movimento Group,” 
2018). Not on the list but also an important role in routing information is vehicle-to-rail 
(V2R), which becomes important for traffic congestion or EV rerouting. Of the different 
connected technologies, V2V and V2I are systems that could be used to enhance routing 
for EVs and speed up run times. It is important to note that autonomous vehicles will not 
be available on roadways without connected technologies.  
 
 
Figure 3.1 Connected Vehicle Communications (“Movimento Group,” 2018) 
 
3.1.1 Vehicle-to-Vehicle 
V2V uses dedicated short-range communications (DSRC), or radio waves, to 
communicate between vehicles. The DSRC is similar to Wi-Fi, but will be used in a quick, 
short manner to communicate between the vehicles and infrastructure (Jeffery, 2019). The 
radio waves are different from the sensors and cameras used in vehicles today because the 
V2V communication considers both the user’s vehicle and surrounding vehicles speed, 
heading, and brake status, giving the driver a warning to stop or turn, given certain 
circumstances (Gama et al., 2018). By increasing the range and visibility to approximately 
1000 meters, the V2V communication gives drivers and other vehicles an advanced 
warning, increasing the awareness of the roadway, preventing collisions and congestion 
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(NHTSA, 2015). The market penetration of the V2V will be the first piece of connected 
equipment to be placed in vehicles through the DSRC. 
3.1.2 Vehicle-to-Infrastructure 
V2I is the intelligent part of ITS, creating signal optimization for roadway 
networks, as well as creating safer roadway networks, easing congestion, and helping the 
environment (Gama et al, 2018.). V2I is a hub for all connected technologies within the 
range, also using DSRC for the communication to other vehicles, pedestrians, buildings, 
and the grid. Figure 3.2 shows how the V2I communication can connect to anything within 
the DSRC area. Cities across the country and the world are investing in V2I, but the 
technology is expensive for rapid deployment as of today.  
 
Figure 3.2 V2X Communication (US Department of Transportation, 2019) 
 
3.1.3 Connected Vehicles with Emergency Vehicles 
With the DSRC installed, EVs will also be able to talk to vehicles and the 
infrastructure. The EVs can provide the location, route, and the final destination, helping 
other vehicles steer clear of the area and collaborating a quicker response time. Even with 
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the increased warning to drivers, the infrastructure will be alerted as well. Signals will have 
the ability to change, giving the EV an unimpeded route by avoiding stop-and-start at 
intersections. By avoiding stop-and-start, equations five and seven from chapter two can 
be eliminated from the total emergency response, showing positive effects for patients with 
time-sensitive cases. Studies have shown the positive effects of V2V and V2I for 
emergency response. 
Researchers at Old Dominion University showed the effects of connected vehicles 
on emergency response in an urban setting (Jordan et al., 2013). By using connected 
technology, the EV will send out messages to the infrastructure and other vehicles. Once 
the system knows the route, location, and time of the EV, the route will be cleared for the 
EV in advance, but the difference is the location of the vehicles. Vehicles will need to be 
in a certain position, which is difficult with human interference and distracted drivers. The 
movement of human driven vehicles will cause a shock wave (Logghe and Immers, 2008), 
and the EV must navigate the shock wave, slowing down response time. With one 
intersection, the shock wave does not have a significant increase in response time, but 
consecutive intersections have negatively correlated results. By using VISSIM simulation 
software, the results for connected vehicles reach a maximum of 34% time savings with 
connected vehicles with a 100% market penetration. The effects of connected technology 
on response time becomes noticeable around 20% market penetration, using the 
logarithmic curve theory. 
The effects of vehicle-to-everything (V2X) are shown against preemption with 
sirens as well (Gama et al, 2018). Along shorter routes to scenes, the difference between 
V2X and sirens is miniscule, but the effects compound over the longer distances. Over the 
course of time and distance, the connected communication shows a large difference 
compared to sirens. At 1,000 seconds, the V2X can cause the EV to travel close to 19,000 
meters, whereas the sirens only cause the EV to travel around 15,000 meters. With the 
optimum travel distance at 20,000 meters in 1,000 seconds, the V2X communication is 
vastly superior to sirens with a full market penetration assumption. One issue is the 
assumption of full market penetration of the DSRC, which will take time to show 
significant results and the V2X needs to be shown for lesser values of market penetration 
when there are mixed fleets of connected vehicles and non-connected vehicles. 
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One noteworthy topic with connected communication compared to lights and sirens 
is the ability to remove lights and sirens under a full market penetration. Figure 3.3 shows 
the lights and siren usage from the Fayette County January 2019 dataset. Of the 3,995 EMS 
calls, 55% of the calls used lights and sirens, while only a sliver of data changed between 
the use of lights and sirens and not using lights and sirens. Of the 55% of data and the 
unknown data, approximately 88% of the calls are assumed to be emergent, but only 25% 
are time sensitive. Emergency responders rely on lights and sirens to alert drivers to move 
out of the way, but with the new technology, lights and sirens can slowly go away, bringing 
down noise levels in cities and still maintaining minimalistic response times.  
 
 
Figure 3.3 Lights and sirens usage, Lexington, Kentucky, January 2019 
 
3.2 Autonomous Vehicles 
 
As of 2016, there were over 37,000 traffic related deaths in the United States. With 
the number of fatalities increasing from previous years and an estimated 94% of the crashes 
contributed from human factors, a solution is needed. Autonomous Vehicles (AV) pose a 
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change to roadways by eliminating the human factor and preventing roadway crashes and 
fatalities. With the National Safety Council forecasting more fatalities in the future, the 
Road to Zero coalition was created to begin the planning process of bring the number of 
roadway fatalities to zero by the year 2050 (Ecola et al., 2018). Assisted by the RAND 
Corporation, three steps were laid out to help reduce fatalities, including proven, evidence-
based strategies, technology and infrastructure, and a safer culture. AVs provide a solution 
to all three of the steps to provide a safer culture. AV technology has come a long way over 
the past few decades. 
In 1991, US Congress requested the National Automated Highway Systems 
Consortium (NAHSC) to organize a demonstration of automated cars, trucks, and busses. 
Six years later, NAHSC conducted a Proof of Technical Feasibility Demonstration on 
Interstate 15 in San Diego. (Thorpe et al, 1998). Motivated by safety and efficiency 
objectives (not to mention profit), car manufacturers, transportation network companies 
and even information technology companies have been conducting research and 
development of CAVs over the last two decades. The San Diego demonstration was the 
first demonstration of autonomous technology on a public roadway. While considered a 
success (the vehicles successfully navigated the closed course), it would be many years 
before even lower level CAVs hit the market and roadway. 
  
3.2.1 Autonomous Vehicle Technologies 
An early next step towards the development of fully automated vehicles was to 
integrate sensors for driver assistance. Blind spot detection, electronic stability control, 
forward collision warning, and lane departure warning systems were developed and placed 
into vehicles in the 2000 through 2010 era (Lie et al., 2006; Jamson et al., 2008; Yang et 
al., 2014). Forward collision warnings with a single camera and blind spot monitoring, 
although completely helpful for the driver, are not considered as autonomous systems. Both 
forward collision warnings and blind spot monitoring were developed and penetrated the 
market in the mid-2000 decade, warning drivers of potential hazards. Even though the 
vehicles were not fully autonomous, the driver assistance systems helped to save lives and 
open doors for a new approach to adding autonomous systems, including adaptive cruise 
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control, lane-keeping technology, and emergency stop control shown in the showcase of 
AV features (Guy and Zhang, 2009). 
Advanced driver assistance systems (ADAS) are features in autonomous vehicles 
where the driver does not just have a warning, but the vehicle will operate the function for 
the driver. Four main functions act as ADAS, including adaptive cruise control (ACC), 
lane-keeping, and automatic emergency braking. All of the ADAS can join together, 
making the vehicle a higher level of autonomy. Adaptive cruise control takes over the 
vehicle and maintains a set speed, but then the vehicle can recognize other vehicles ahead 
and slow down to the speed of the lead vehicle at a specified distance, using a similar sensor 
to the forward collision warning. ACC links with the automatic emergency braking during 
“Stop and Go,” which occurs in congested traffic situations (Piao and McDonald, 2008). 
The vehicle uses sensors to depict whether to move along or stop, always keeping a safe 
distance from the other vehicles. The lane-keeping systems use the lane departure warning 
systems to keep the vehicle in the lane if the driver doses off or is distracted (Bertozzi et 
al., 2000).  
One key feature of the human-less vehicles is the ability to set up platoons. 
Platooning is defined as the coordination of grouped vehicles based on CAV technology 
traveling with a short headway, safely at any speed (Bertozzi et al., 2000). By using V2V 
and V2I, the vehicles will be able to communicate with one another to control speed, 
braking, and turning movements, decreasing the overall congestion of the roadways. Issues 
with the platoon system include emergencies, traffic stops, and different destinations. 
Within the platoon system, the vehicles can navigate safely unless a sudden emergency or 
hazard occurs, affecting all or most of the vehicles within the platoon. At traffic stops, 
vehicles need to take turns, causing a disruption in the platoon. Platoons can reconnect after 
the stop if there is not a human driven car between after the platoon proceeds through an 
intersection. With different destinations, the platoons must separate and go in different 
directions. If a vehicle needs to leave the platoon, the vehicle can join another platoon on 
the other route, unless it is in the last mile of the route, allowing the vehicle to proceed by 
itself and complete the trip. Platoons have benefits within the emergency vehicle situations 
as well. If an EV is approaching, then the platoon can move multiple cars over at one time, 
establishing an open route for the EV to continue through the given area. By having the 
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ability to separate, platoons can also stop at intersections, separating for the EV to proceed 
through the intersection if the vehicles are at a cross section with the EV. 
 
3.2.2 Autonomous Vehicle Levels 
Five different levels make up self-driving vehicles, plus the level 0 which is 
completely controlled by a human driver. The difference in each level was defined by SAE 
International. Already known, level 0 is completely controlled by the human driver, but 
level 1 through 3 still require human control. Each level decreases the amount of time and 
attention the driver needs to control the vehicle. The technology assists the driver more and 
more as the levels increase, and level 5 vehicles are considered fully autonomous, 
completely eliminating the human element from the driving scenario. 
Level 1 vehicles require at least one advanced driver assistance feature, while level 
2 vehicles require at least two advanced driver assistance systems (“CNET,” 2018). 
Advanced driver assistance systems include adaptive cruise control, lane-keeping 
technology, self-parking, and automatic emergency braking, which will assist the driver in 
certain situations, but still require the driver to pay attention and intervene if required. 
Although the advanced driver assistance features are helpful in driving, the human element 
is still the dominant factor in driving, whereas level 3 takes a larger step in eliminating 
human factors. 
Level 3 autonomous vehicles are capable of taking complete control of the vehicle 
under certain conditions. The vehicle can navigate open roadways, such as freeways and 
interstates, as well as taking control during traffic jams without human interference. The 
human driver must pay full attention in case of emergency situations or sudden stops while 
the vehicle has the control. One problem with the level 3 technology is when the driver 
trusts the technology too much and does not pay attention, resulting in an accident 
(Eisenstein, 2017). 
Level 3.5, 4, and 5 technology completely takes over the vehicle, but levels 3.5 and 
4 cannot completely eliminate the human driver from the driving situation. The vehicle can 
complete a trip without human intervention, but level 4 vehicles can only operate at lower 
speeds within certain geographical areas. The limitation of only allowing the vehicle to 
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operate under certain conditions keeps the steering wheel and pedals to allow the human 
driver to take over for any travel outside of the circumstances, reverting the vehicle back 
to level 2 or level 3. With level 5 autonomy, the vehicle is fully autonomous and takes over 
the entire trip, completely eliminating the human element, allowing the human to travel as 
they please. Levels 4 and 5 do not exist for consumer use as of today. 
 
3.2.3 Forecasting and Preventing Crashes with Autonomous Vehicles 
Driver assistance systems helped to make vehicles safer, but connected and 
autonomous vehicles provide an opportunity to have less crashes and smoother traffic 
flows, while having full autonomy cover the United States in a wide range of 25% to 87% 
by 2045 (Kockelman et al, 2016).  With the new technology, policy is changing, and 
predicting the future becomes difficult. Potential impacts become a staple in the prediction, 
as positives and negatives occur with the technology. Positives include lives being saved 
and improved, while the negatives include technology reliability, cyber security, liability, 
and interactions between humans and computers. Software simulations, like Vissim, bring 
together the positives and negatives, as well as the features of the autonomous vehicles to 
help to predict the future of crashes in a safe manner. With the simulation, the vehicle 
technology was estimated to reduce 47% of lane-departure related crashes alone. Although 
the simulation shows an improvement with the technology, real-world data provides more 
confidence in fully autonomous vehicles. 
CAV deployment is shown to improve highway safety in theory and simulations. 
The question addressed here is not how the technology will help, but when. In 2017, the 
RAND Corporation created a tool to allow users to create their own scenario on when to 
deploy CAV tech, how safe the technology is compared to human drivers, and how long it 
will take for CAVs to make up 80% of vehicle travel. By having user inputs, a graph 
displays a comparison with U.S. road deaths without CAVs and with CAVs. While the 
RAND tool is thought provoking, it is (necessarily) speculative, and begs the question, 
could the forecasts of improved safety be informed by data  on the  types of crashes that 
are most likely mitigated, the condition under which crashes occur, and on likely scenarios 
of CAV technology deployment?   
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3.2.4 Preventing Crashes with EMS 
EMS crashes are one of the largest contributors to outliers in response time data. 
Four types of EMS crashes are determined through the driver, the task, vehicle 
malfunction, and finally environmental factors (Hsiao et al., 2018). Of the four types of 
crashes, the driver and the task are preventable with CAV technology, allowing the vehicles 
to evade crash scenarios and the EV to continue response time at safely at high speeds. 
Vehicle malfunctions and environmental factors cannot be prevented with CAVs, but the 
non-human error crashes are in the minority. 
 
3.3 ddSAFCAT 
 
ddSAFCAT is a forecasting tool for the amount of lives saved on roadways through 
the addition of CAVs. Although similar to the RAND forecasting tool, ddSAFCAT breaks 
down the five levels of CAV technology, shows the different market penetration through 
user inputs, and provides vehicle miles traveled (VMT) data from the United States as well 
as the 2016 Kentucky state crash data. By having data on the human drivers’ behalf and 
knowledge of the safety benefits from CAVs, the number of lives can be predicted based 
on the market penetration of each level. 
 
3.3.1 Market Penetration 
With the policy and the current state of the technology, it is unknown how long it 
will take for CAVs to penetrate the market. Some levels have already penetrated the 
market, but it is still unclear how many. If the world must wait for the technology to be 
perfect, it will take approximately 5 billion miles to test the technology and then implement 
CAVs to the roadways, which would take centuries to complete (Kalra and Paddock, 2016). 
ddSAFCAT addresses market penetration of technology by SAE level, plus the level 3.5.  
The logistic function is used for each level, starting with level 5. Level 5 is considered the 
market “driver” as level 5 cars, once deployed, are not likely to be replaced by lower level 
vehicles.  However, it is likely that lower level vehicles will penetrate the market faster.  
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The level 0 share pertains to the remaining vehicles on the roadways. Technology 
penetration is also considered to be a function of fleet turnover rate, which depends on how 
long cars last.   Although the tool provides suggested starting points, the user has the ability 
to change these numbers to test different future scenarios. As the tool “learns” (real data 
are used to inform inputs) the results become less speculative and more data driven. 
Learning will be incorporated into the tool in two ways: better starting and ending point 
estimations, and more “dials” to allow different components to be taken into consideration. 
 
3.3.2 Effectiveness 
Effectiveness is the degree of safety success from the vehicle technology compared 
to level 0. Effectiveness is broken down into five groups, as each group has different 
technology with different amounts of safety benefits. First, there is the critical assumption 
being made that CAVs are innately safer than human drivers, as described in the paper’s 
introduction. Many of the other assumptions lie within the user inputs. For example, the 
user inputs the amount of time between 10% and 90% of market penetration for each level 
of autonomy. Market penetration is one factor of the logistic function as described in the 
previous section, of which we are assuming development and deployment of CAVs follow. 
It is also assumed that no other level of autonomy will be as effective in safety as a level 5 
vehicle, therefore the safety effectiveness of levels 1-4 is informed directly by level 5 
effectiveness. Level 1 vehicles in particular are assumed to be half as effective as level 5 
vehicles. The other levels of autonomy are considered to be as effective as level 5, but only 
under certain conditions for certain road types. Level 0 does not have any extra technology 
to assist the drivers, so this is the only vehicle portion without an effectiveness attribute in 
ddSAFCAT.  
The final portion of effectiveness includes level 5 CAV technology. Level 5 is the 
driver of the perfect vehicle, but reports still predict for some failure with technology, 
including physical failure, environment, and human driver interaction. Although the 
vehicles can end up to the 94% human caused crashes, a new portion of problems are 
introduced including software reliability. As of today, software reliability seems to do well, 
but this portion of the tool is left for the user to speculate how well the software will 
35 
 
operate. Network security and other software malfunctions should be minimalistic during 
implementation to prevent any catastrophic events, but should still be planned for in safety. 
The remaining levels of CAV technology can be as effective as level 5, but certain 
stipulations keep the lower levels from attaining peak effectiveness at all times. 
Level 1 vehicles have certain capabilities to help drivers, but the driver must pay 
attention to the road and still be alert to changes in the transportation environment. Driver 
alertness is where certain parts of effectiveness in ddSAFCAT are assumed. Proper use 
percentage is the portion where the driver must understand how to use the technology and 
use it correctly. The distraction factor shows how the technology distracts drivers at the 
beginning, but then the driver gets used to the technology and can use it correctly. Risk 
compensation is a negative factor, as risk compensation shows how the driver gets used to 
the technology, but fails to use it correctly (i.e. using adaptive cruise control but using the 
relaxed driving to text or other distractive behaviors). The final portion of effectiveness for 
level 1 pertains to levels 2, 3, and 4 as well. This last variable of effectiveness is the portion 
of road conditions where the technology applies. For levels 1-4, only certain weather 
conditions and roadways allow for the technology. The ratio of crashes during bad weather 
conditions to good weather conditions was computed and applied to each of the technology. 
As the tool learns, more stipulations and variables will be applied to allow for more 
descriptive effectiveness of CAVs.  
 
3.3.3 Fatality Computations 
The fatality computations combine both the market penetration and effectiveness 
of each level, as well as the projected VMT growth to get a final weighted fatalities per 
year. With the changing variables by the user, the numbers from the fatality computations 
could be high or low because the values are still speculative as of right now. Once the levels 
of autonomy are combined and the weighted fatalities are calculated, it is possible to 
calculate the number of lives saved. The number of lives saved is calculated by taking the 
weighted fatalities minus the level 0 fatalities. As time goes on, this number seems to 
increase because speculation shows the technology helping to save lives. A user can change 
this to make the technology look worse in the future. Once the fatalities are computed, the 
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front page is then completely filled out with market penetration, effectiveness, data, and 
user inputs to create a view of the future. 
 
3.3.4 Data 
Some assumptions made are much less speculative than the ones already listed. 
Now this is where the tool becomes more data driven. In determining the net effectiveness 
for level 5 vehicles, it was necessary to identify what percentage of crashes were single 
vehicles. Looking as far back as 5 years into Kentucky crash data, it was determined that, 
on average, nearly 51% of all crashes each year involve only one vehicle. It was also 
acknowledged that the lower level vehicles do not phase out overnight. It was estimated 
that the average maximum time that a vehicle will remain on the roadway is 13-17 years, 
while the average age of vehicles in the current market is 11.5 years (“Average Lifespan 
for U.S. Vehicles,” 2018).   
The data that was primarily utilized by the safety estimator comes from two 
sources. The first dataset is from the (Volpe, 2017). The first step was to get a VMT forecast 
through the year 2050. To create the VMT forecast, a growth rate formula was calculated 
and estimated through the future. Since the VMT for autonomous vehicles may be 
increased or decreased significantly, the data was estimated based on data from today to 
allow for comparison. After forecasting VMT for the future, the VMT data was broken 
down into two separate categories of urban versus rural. Each category was broken down 
further into the different types of roadways, including interstate, arterial, collector, and 
local. Breaking the data down is important because there are certain levels of autonomy 
that can only work on certain roadways. Level 3 vehicles can work effectively on collectors 
and above. Theoretically, the vehicles should be able to prevent all crashes on collectors 
and above in perfect weather. The VMT data is one set of data to making the tool more 
data driven.  
In addition to the VMT data, crash data that is unique to Kentucky was fed into the 
tool. A data set was provided by the Kentucky Transportation Center. Only fatal collisions 
were considered. The data collected displays crash information from the previous five years 
and indicates weather conditions, directional analysis, road types, and driver age. Poor 
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weather conditions included rain, snow, sleet/hail, fog/smog/smoke, and any combination 
of what was listed. All other possible conditions were considered “clear.” By separating 
the crash data, ddSAFCAT could then be coded to associate certain conditions with certain 
levels of autonomy, allowing for a data informed forecast of fatalities with connected and 
autonomous vehicles. 
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CHAPTER 4.  EMERGENCY RESPONSE TIMES WITH CONNECTED AND AUTONOMOUS 
VEHICLES 
With a background of current response times and the potential associated with 
connected and autonomous vehicle technology, the two can be brought together to show 
potential results of the combination. This chapter highlights the frontier of CAVs and EMS 
response times, showing the difference between how the technology reacts to EVs and how 
human drivers react to EVs. Once the reactions are shown, a new method of CAV 
movement is discussed on different roadway types, showing how to maximize clearance 
allowing for EVs to pass without any disruptions and traveling at free flow speed 
throughout. Next, the travel times are discussed and linked with the percentage of calls 
during different congestion levels on different roadway types, bringing together the 
equations from chapter 2 and showing the savings on each roadway. Finally, forecasting 
the number of lives saved by a reduction in response time is computed with a tool called 
ddEMSCAT, a forecasting tool meant to be linked to ddSAFCAT shown in the previous 
chapter. By knowing the market penetration of the technology, the number of lives saved 
can be predicted and calibrated for any location across the country with proper data. 
 
4.1 Reactions to Emergency Vehicles 
 
As of today, EMS response times are optimal with the limitations in the vehicles 
and procedures. Although the response times are optimized, improvements can be made by 
eliminating the human elements out of the real-world setting. By comparing three scenarios 
including human drivers, heterogeneous reactions, and fully CAV fleet reactions, it is 
possible to create a new reduction EMS response times, out of the EMS control for all three 
scenarios. The assumption of EVs are completely human driven is made here, as EVs do 
not take normal driving paths on roadways and require more awareness than typical drivers 
and vehicles within the facility. 
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4.1.1 Human Drivers Reaction 
Human driver reaction to emergency vehicles is unpredictable. By Kentucky law, 
drivers are required to yield the right-of-way for oncoming emergency vehicles displaying 
lights and/or sirens, as well as moving to the right curb if the vehicle is approaching from 
the rear (“Kentucky State Police,” 2017). There are four types of drivers when an EV is 
approaching. The first is the driver paying attention to the roadway and following the law. 
Laws are set for drivers, but every situation is different, and human drivers do not 
necessarily know how to react, even if they are paying attention to the roadway and 
approaching EVs. Most drivers stop for EMS, but the drivers still do not know where the 
EV is going, which makes the drivers unaware on how to react. The next type is the 
distracted driver, which is in the way of the EV and will cause a disruption to the response 
time. The third type of drivers are the drivers who speed up for the EV, potentially causing 
harm to other vehicles if an accident occurs and the EV has to stop to take care of the 
accident. The final type of driver is the one on a perpendicular roadway that either does not 
hear the EV or ignores the situation, also causing a disruption in response time. Without 
the proper knowledge of the route, time, and location of the EV, humans tend to cause more 
disruption for EVs, including accidents with the EV, resulting in an even longer response 
time and more patients.  
 
4.1.2 CAV Reactions 
Connected and autonomous technology provide the ability to know where the 
emergency services are going and how to react as well. CAVs have sensors equipped to 
recognize emergency sirens and lights, coding the vehicle to move over for the EV and 
allow the EV to pass without disruption. CAVs even know to stop at an intersection when 
the EV sirens or lights are detected from perpendicular streets (Thompson, 2015). If the 
EV and the CAV have DSRC within both vehicles and the routes are known, the sensors 
are not needed, as the CAV will already know to move over appropriately and allow the 
EV to pass. One part of CAVs that differentiates them from human driven vehicles is the 
ability to change the coding. Human drivers do not always follow new laws, but CAVs can 
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be manipulated by transportation engineers to change the pattern and adapt to the changing 
roadway makeup. With the ability to change from unorthodox methods, CAVs can move 
in different directions, opening a different, yet straighter path for EVs that is not easily 
possible with human driven vehicles. 
 
4.1.3 Heterogeneous Reactions 
Human drivers and CAVs react differently to EVs, and the different reactions can 
lead to better response conditions or worse response conditions. The positive aspects of a 
heterogeneous fleet is the ability for CAVs to lead by example and have the human drivers 
react in the same manner as the CAV. Another positive situation under heterogeneous 
conditions is the increased ability for CAVs to connect with EVs from longer distances and 
begin to clear a path for the EV. Unfortunately, the positive aspects are only theoretical 
and the human driver is usually unpredictable. To accommodate the difference in the 
vehicles, the CAVs will need to continue normal human response to EVs, and slowly merge 
to the rightmost lane or curb to clear a path for the EV. If done properly, the EV will still 
have a path to clear through roadway facilities and intersections, but the EV will still be 
required to stop at red lights to accommodate the remaining human driven vehicles. 
Another negative situation is the potential for increased accidents. With CAVs typically 
driving in platoons, the entire platoon cannot move over a lane if a human driven vehicle 
is in the way. CAVs will need to split the platoon, avoiding other vehicles and preventing 
accidents. If the CAVs begin to slow down and the human driver is distracted, an accident 
can occur in this case as well. Despite having confusion for human drivers, CAVs do pose 
a possibility to create quicker response times by leading the human drivers to pull over for 
EVs. 
 
4.2 Virtual Emergency Lanes: A Case for Improved Simulation 
 
Typical driving conditions are not ideal for emergency vehicles. As shown above, 
some human drivers follow the laws and help emergency vehicles, but most do not. By 
eliminating human error and having the knowledge of emergency vehicle routes, CAV 
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technology poses a new method of clearance, allowing emergency vehicles to respond and 
drive to calls quickly, safely, and with more efficiency than today. The new method posed 
in this thesis is called a Virtual Emergency Lane (VEL). As of today, all vehicles are coded 
to follow the law and move to the right side of the road upon an approaching EV. As 
moving to the right side of the road is the best solution with human driven vehicles, CAVs 
have the ability to analyze the situation and create space in opposition to current methods. 
The VEL gives an opportunity to change the response path of EVs, creating more space 
and allowing the EV to pass without disruption. With a heterogeneous fleet or a fully 
autonomous fleet, the vehicles will be connected and able to create more space upon an 
approaching emergency vehicle based on connected technology and the autonomous 
vehicle awareness.  
VELs will be important for roadways as well because the infrastructure will not 
require special emergency lane striping, which would not cost any money for the DOTs, 
but will also increase safety and efficiency. To show the comparisons with the different 
types of roadways and market penetration, there are five categories to show where VELs 
will show improvements, including freeways, five or seven lane roadways with a center 
two-way left turn lane, four-lane roadways with left turn lanes at intersections, two-lane 
roadways with turn lanes at intersections, and two-lane roadways without turn lanes. Three 
levels of market penetration are shown as well, including 0% CAV, 50% CAV, and 100% 
CAV. An assumption is made for the 50% category, as 50% CAV means the V2V and V2I 
communication is also a 50% market penetration, which can be seen with the traffic signals 
changing at different points in the route. Each scenario is different, causing more or less 
disruption depending on the type of roadway and market penetration. The legend in Figure 
4.1 shows the different types of vehicles on the roadway. The emergency vehicle is 
depicted as an ambulance, different variations in vehicles show the standard vehicle, which 
is seen today, and the blue vehicles for the scenarios indicates level 3.5 to 5 CAV, fully 
equipped with DSRC and autonomous capabilities. 
One key aspect of VELs is the lack of simulation for them. Simulation software 
allows CAVs to move to the right-hand side of the road upon an approaching EV, but the 
coding for VELs does not exist. Once simulations improve to add a new method of 
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clearance for EVs, then the data can follow and prove whether the new method improves 
roadways or not, as well as updating the equation for intersections and movements. 
 
Figure 4.1 Legend of Virtual Emergency Lane Scenes 
 
4.2.1 Freeways 
EVs do not typically use freeways and interstates for response routing in urban 
areas, but some cases require the use of freeways during hospital transports or even for 
longer distances to the scene. The next three scenarios show a divided roadway with typical 
human driver reactions, how a mix of human drivers and CAVs react, and how fully CAVs 
react to an approaching EV.  
The first scene in Figure 4.2 shows freeways without any CAVs. The cars on the 
opposite side of the divided roadway will not need to react to the EV and proceed as 
planned. On the other hand, the vehicles on the same side of the EV will are required by 
law to get in the rightmost lane or shoulder to evade the approaching EV. Traveling at 
higher speeds, the vehicles need to merge, which is easier to do on freeways due to the 
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longer sight distances. The first slide shows how the EV enters the area, the second slide 
shows the how the vehicles being to merge, and the last slide shows how all vehicles have 
eventually merged, allowing the EV to pass without too much disruption. For cases with 
more congestion, the vehicles will merge for the EV, but if the congestion is too bad, the 
EV will either take over the shoulder or opposite flow of traffic to get to the scene, usually 
only traveling 10 mph faster than the speed of traffic. 
 
 
Figure 4.2 Freeways with 0% CAV 
 
The second scene shown in Figure 4.3 is a theoretical response of heterogeneous 
traffic. Once again, the speed of traffic on the opposite side will not need to slow down and 
can proceed as planned, but the side with the EV will require the vehicles to merge into the 
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right lane. The first slide shows how the CAVs are already merging when the EV enters 
the scene. V2V technology allows the vehicles to know the when and where the EV will 
be passing, so the CAVs have an advanced warning to merge. Although the CAVs begin 
to merge, the human drivers will need to accommodate the merging vehicles into the 
rightmost lane. The green vehicle does not know about the approaching EV until the EV 
gets closer, at which the green, human driven vehicle begins to merge. The EV still has a 
direct path through traffic and response time will not be affected drastically. 
 
 
Figure 4.3 Freeways with 50% CAV 
 
The final freeway scene in Figure 4.4 is the scene with full market penetration of 
CAVs. The vehicles in the opposite direction still proceed as normal, but the vehicles in 
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the lane with the EV are already beginning to move over. With the average width of 
vehicles being 6-6.5 feet, the vehicles can actually merge very closely to the CAVs in the 
right lane, creating a lot of space for the EV to pass in the left lane, leaving a VEL in the 
left lane. Another option is for the vehicles to conduct a zipper merge and leave the left 
lane completely open, but also slowing the vehicles down. 
 
 
Figure 4.4 Freeways with 100% CAVs 
 
4.2.2 Five or Seven-Lane Roadways with Center Two-Way Left-Turn Lane 
The heaviest traffic congestion generally occurs on major arterial roadways, which 
either include a divided roadway with a barrier and a left turn lane at intersections or a 
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divided roadway with a left turn lane throughout the roadway. This section contains the 
latter with a left turn lane, also known as the suicide lane, throughout the roadway. In 
Lexington, Kentucky, five- or seven- lane roadways including South Broadway Street and 
Nicholasville Road, two major roadways consisting of dense traffic and multiple signals. 
For the case of major arterials, more vehicles were added to the roadway to show the vast 
changes between 0% market penetration and full market penetration of CAVs.  
For the first scene in Figure 4.5 with 5- and 7-lane roadways with a center-two-
way-left-turn-lane (CTWLTL) shows the market penetration of CAVs at zero. The first 
slide shows the EV entering the scene, although the vehicles have already hear the sirens, 
the drivers do not quite know where to go just yet. Once the EV enters the visible area, the 
vehicles begin to merge to the right if they can. Unfortunately, the silver vehicle is in the 
CTWLTL, preventing the EV from driving the length of the roadway in the middle and 
avoiding all traffic. The EV needs to navigate around the silver vehicle and then proceed 
through the other vehicles attempting to merge out of the way. The vehicles in the opposite 
direction continue as normal, but will also need to merge to the rightmost lane in case the 
EV needs to drive into oncoming traffic to get around vehicles at signals or other congested 
areas. 
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Figure 4.5 5/7 Lane with CTWLTL with 0% CAV 
 
Figure 4.6 shows the 5- and 7-lane roadways with CTWLTL at a 50% CAV market 
penetration. A similar situation as the first scene, a silver, human driven vehicle is 
occupying the middle lane, preventing the EV from driving the length of the corridor in the 
center lane and avoiding all vehicles. As the EV enters the area, the CAVs in a platoon are 
already beginning the merging process, while the platoon on the other side recognized the 
silver car in the middle lane, and already started to move towards the right lane in case the 
EV needs to drive into opposing traffic. The second slide shows how the CAVs have 
already merged, leaving enough space for the EV to pass, but the EV still needs to get 
around the silver vehicle. In the final slide, all CAVs have merged, and the other human 
driven vehicles remain in the lane, allowing the EV to regain the center lane and continue 
to the incident. 
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Figure 4.6 5/7 lane with CTWLTL with 50% CAV 
 
 
Figure 4.7 for 5- and 7- lane roadways with CTWLTL includes the full market 
penetration of CAVs. The scene only requires one slide, as the EV has connected the origin, 
route, and final destination to all vehicles and infrastructure, giving the EV the right-of-
way throughout the route and allowing the EV to drive at free flow speed, saving a lot of 
time for the response and giving patients the best chance of survival. 
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Figure 4.7 5/7 lane with CTWLTL with 100% CAV 
 
4.2.3 Four-Lane Roadway with Turn Lanes at Intersection 
Also considered a major arterial, 4-lane roadways with a left-turn lane (LTL) at 
intersections contain heavy congestions and require a different approach for EVs at 
intersections. The difference between these set of scenes and the previous two sets is the 
addition of signalized intersections. With turn lanes at the intersection, the EVs must 
navigate the traffic and force vehicles out of the way. The signals are also linked to the 
market penetration of CAVs, as V2I technology has the ability to enhance the green time 
in the direction of the EV, but without V2I or preemption, the signals run as normal. 
Figure 4.8 includes five slides due to the confusion amongst human drivers during 
an approach of an EV at a red light. Once the EV enters the scene, the vehicles in the right 
lane come to a stop to allow the EV to pass and the other vehicles to merge. The first step 
already slows the EV down from free flow speed. The next step is for the remaining 
vehicles in through lanes to merge to the right, which is difficult when the light is red and 
the drivers do not want to drive into perpendicular traffic. Once the EV reaches the back 
of the queue, the EV begins to find the least resistance and tries to create a path. The 
vehicles in the middle lane begin to merge to the right, while the vehicles in the LTL begin 
to merge left as far as possible. Once the EV has divides the traffic and has enough space, 
it begins to take over the intersection, by stopping at the red light and waiting for 
perpendicular traffic to come to a stop. Once all human driven vehicles are stopped, the 
EV will begin acceleration back to free flow speed and continue to the scene, which has 
now elapsed more time due to slower response at the intersection. 
50 
 
 
Figure 4.8 4 lane with LTL with 0% CAV 
 
Figure 4.9 includes a 50% market penetration of CAVs on a 4-lane roadway with 
LTL at intersections. With half of the vehicles being fully autonomous and connected, the 
CAVs begin to create space for the EV to pass before the EV is visible. The human drivers 
begin to merge to the right when the EV is within the visible distance, also trying to create 
space. Once the EV gets closer to the intersection, the CAVs are able to move over in the 
LTL, also creating a relatively straight lane for the EV to pass through. The yellow car in 
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the center lane will need to move over to the right slightly for the EV to pass, which will 
occur when the light becomes green. The light is red at the beginning of the scene, but as 
the scene progresses, the light changes to green to allow the EV to take control of the 
intersection. Once the light is green, the remaining vehicles in the way have the ability to 
clear the way for the EV, resulting in quicker response times than if the fleet was 
completely human driven and disconnected. 
 
 
Figure 4.9 4 lane with LTL with 50% CAV 
 
Figure 4.10 for the 4-lane roadway with LTL at intersections is shown with a full 
market penetration of CAV technology. Before the EV enters the scene, the roadway has 
already begun to clear a lane through the center and the signalized intersection is already 
green in the direction of the EV. The EV does not need to stop at all due to a VEL created 
by the CAVs and the EV does not need to stop at the signal to gain control of the 
intersection. With the open space, the EV can still travel at the maximum safe speed 
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Figure 4.10 4 lane with LTL with 100% CAV 
 
4.2.4 Two-Lane Roadway with Turn Lanes at Intersection 
2-Lane roadways with LTL are very similar to the last case of 4-lane roadways with 
LTL, but congestion is usually lighter and space is more limited for EVs. The roadway 
consists of a bulb to create enough space for two lanes at the intersection, while the rest of 
the roadway only contains two lanes throughout. Due to two-lane roadways being minor 
arterials or collectors, the signals associated generally give more green time to major 
arterials, creating more red time in the direction of the two-lane. With more red time, the 
queue is generally backed up for longer times and the human drivers will become distracted 
while waiting for the signal. CAVs have potential to improve two-lane roadways with LTL 
too.  
Figure 4.11 shows two-lane roadways with LTL with completely human driven 
vehicles throughout the system. As the EV approaches, the vehicles begin to clear the right-
of-way, allowing the EV to pass. Once the EV approaches the intersection and the back of 
the queue, the human drivers do not know how to response, as the light is red and there is 
not much space to clear for the EV. Without anywhere to go, the EV will have to proceed 
into the opposing lane of traffic to get around the stopped vehicles, forcing any vehicle 
attempting to turn into the opposing lane to stop. Once the EV gets into the intersection, a 
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stop is performed until all other vehicles stop to allow the EV to pass. With the vehicles 
stopped at an intersection forcing the EV to perform dangerous maneuvers, safety is 
decreased, but response time is also affected negatively. 
 
 
Figure 4.11 2 lane with LTL with 0% CAV 
 
The heterogeneous fleet at two-lane roadways with LTL cause a change in traffic 
patterns from the fully human driven fleet, shown in Figure 4.12. The left turn light remains 
red, but the through lane turns green to force any vehicles out of the way upon the arrival 
of the EV. As seen at the beginning, the silver car gets out of the way for the EV, but the 
CAVs have already begun clearance further down the road. With the light being green, the 
front car in the through lane can get out of the way by entering the intersection and pulling 
over down the road, whereas the CAV platoon has already created enough space for the 
EV to pass. The left lane is stopped, and the vehicles will not need to move to clear a lane 
for the EV. Once the EV has a clear path, stopping at the intersection is not required and 
the EV can continue to the call with some resistance at the intersection, but not as much 
with the completely human driven scene.  
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Figure 4.12 2 lane with LTL with 50% CAV 
 
Two-lane roadways with LTL have the least resistance with a full market 
penetration of CAVs, shown in Figure 4.13. The lights are connected to the EV, as well as 
the vehicles, creating a VEL well in advance. Once the EV enters the scene, the vehicles 
have already begun clearance for the right-of-way, thus creating the VEL and allowing the 
EV to continue to the call at free flow speed without any resistance from human drivers on 
the roadway, creating the least possible response time. 
 
Figure 4.13 2 lane with LTL with 100% CAV 
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4.2.5 Two-Lane Roadway without Turn Lanes at Intersection 
The final roadway type is a two-lane without a LTL at intersections, which include 
most downtown city streets and rural streets. With the streets considered as collectors or 
local roads, the higher ratio of green time generally goes to the major roadways, limiting 
the amount of green time for the two-lane without LTL roadways. The shoulders are 
generally smaller on these streets as well, requiring vehicles in both directions to leave the 
right-of-way to the EV. With vehicles making a left at the intersection, the human drivers 
may not know where to go, since the car is making a left but required to either stop or turn 
to the right. With the proper coding, the CAVs will be able to make the decision and open 
up the roadway for the EV. 
Figure 4.14 for two-lane roadways without LTL consist of only human driven 
vehicles. Since the light has a higher chance of being red upon the approaching EV, the 
vehicles will need to move over in both directions to allow for enough space. The first slide 
shows how the vehicles realize the EV is approaching and begin to move over in both 
directions of travel. The second scene shows how the EV overcomes the cars and begins 
moving into the middle of the intersection. Finally, once the vehicles have move over 
enough, the EV will proceed slowly to avoid hitting any vehicles. Once at the intersection, 
the EV is still required to stop to take control of the intersection and then continue once all 
vehicles are stopped and the EV can proceed safely. Human drivers cause a large disruption 
on small roadways, as there is not a lot of space for the vehicles to move and the drivers 
do not necessarily know how to properly leave the right-of-way for the EV. 
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Figure 4.14 2 lane without LTL with 0% CAV 
 
A heterogeneous flow makes up scene two, showing how the CAVs can make space 
by using the platoon, while also giving other vehicles an example of how to move over for 
the EV approaching from behind, shown in Figure 4.15. The opposite lane also shows the 
vehicles properly moving over for the EV to allow for space in the middle of the street. 
The lights have already been connected to the EV, turning green to clear any vehicles in 
the queue and opening enough space for the EV to proceed through the intersection, 
removing the need to stop at the intersection to overcome any vehicles opposing the right-
of way. Even with half of the fleet being connected, there is still disruption to the 
intersection, but overall, the response time is better than the 0% market penetration 
scenario. 
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Figure 4.15 2 lane without LTL with 50% CAV 
 
Figure 4.16 shows the full market penetration of CAVs on two-lane roadways 
without a LTL at the intersection. The vehicles have already been connected to the EV, so 
the intersection already displays green and the VEL has been created for the EV to drive 
down the middle of the street unopposed. By traveling at free flow speed, the equations 
from chapter 2 can be removed, showing the time it takes for the EV to drive at free flow 
speed. 
 
Figure 4.16 2 lane without LTL with 100% CAV 
 
4.3 Comparing Traffic Times with Call Times 
Emergencies happen during different times of the day, resulting in different 
approaches for emergency response. As shown in section 4.2, response times will vary by 
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facility type and by the differences in the market penetration of CAVs. Time of day will 
change the type of response time just as much as the facility type and market penetration. 
In this section, traffic congestion was analyzed for different types of roadways at different 
times of the day. The data collected was then cross referenced with the time of calls and 
emergencies, showing the potential effects of time of travel on response time. Once the 
three data types between the response time, types of calls, and effects of CAVs, the total 
number of lives saved can be calculated and forecasted. 
Five different facility types create different types of response times. Although the 
section showed how EVs navigate each intersection, now it is time to see how the 
congestion can change throughout the day, showing different congestion levels at different 
times on each facility type. Chapter 2 of this thesis discusses the equation formulation for 
run time based on traffic congestions, but this section shows what time the congestion 
levels are light, medium, and heavy for each facility type. Discussed earlier, Google Maps 
provides users with the ability to see traffic congestion and typical route times throughout 
the day. Google Maps shows three different color schemes for traffic, including green, 
yellow, and red. The colors provide traffic speed, which is shown at 100% of the speed 
limit for no traffic delays, 50%-100% for medium traffic congestion, and 0% to 50% for 
heavy traffic congestion. Table 4.1 shows the legend for the following time tables. Three 
tables were produced, showing weekdays from Monday to Thursday, weekends for 
Saturday and Sunday, and Fridays received a separate table due to the heavier amounts of 
traffic for weekend travelers and employees leaving work at the same time. 
 
Table 4.1 Legend for traffic congestion 
 
 
Table 4.2 below shows the typical travel congestion levels for a Friday in Fayette 
County, Kentucky. The other two tables are displayed in Appendix 2. By looking at the 
table, freeways do not see a lot of congestion, while the major arterials see the most 
congestion throughout the day. The minor arterials and collectors seem to have some 
1 No traffic delays 100% of Speed Limit
2 Medium amount of traffic 50%-100% of Speed Limit
3 Traffic Delays 0% to 50% of Speed Limit
Legend
59 
 
congestion throughout the day, but overall the congestion does not fall out of the normal 
congestion hours, also known as the peak hours. Peak hours are generally from 7AM to 
9AM and 4PM to 6PM on typical weekdays. The Friday table is shown because it shows 
the worst congestion, where response times will be the slowest. An assumption is needed 
for the traffic congestion, as Google Maps only shows typical traffic congestion during 
normal traffic hours, meaning that traffic congestion is not shown from 10PM to 6AM, 
making the assumption that all traffic congestion is considered to be light, unless an out-
of-ordinary event occurs. 
 
Table 4.2 Typical traffic congestion for Fridays on selected roadways 
 
 
By comparing the congestion times on certain facility types with the number and 
time of EMS calls, it is possible to formulate when the calls will be during certain levels 
of traffic congestion. Figure 4.17 shows the number of calls at certain times and the number 
of emergent calls during certain times. The types of calls are random, but the figure gives 
a good representation of when patients require EMS services. Since the traffic congestion 
is not shown from the hours of 10PM and 6AM, all calls occurring within that time frame 
Freeways
4-Lane with Turn 
Lane at Intersection
2-Lane without 
Turn Lanes
Time
I-64/I-75 Near 
Lexington, 
Kentucky
S Broadway   
Lexington, 
Kentucky
Nicholasville 
Road Lexington, 
Kentucky
E New Circle Road 
Lexington, Kentucky
Rose Street    
Lexington, 
Kentucky
Red Mile Road/               
S Forbes Road  
Lexington, Kentucky
N Mill Street 
Lexington, 
Kentucky
6:00 1 1 1 1 1 1 1
7:00 1 1 2 2 2 1 2
8:00 1 2 2 3 2 1 2
9:00 1 2 2 2 2 1 2
10:00 1 2 2 2 1 2 2
11:00 1 2 2 2 1 2 2
12:00 1 2 2 2 1 2 3
13:00 1 3 3 3 1 2 2
14:00 1 2 3 3 1 2 2
15:00 1 3 2 3 1 2 2
16:00 2 3 3 3 2 3 3
17:00 2 3 3 3 3 3 2
18:00 2 3 3 3 2 2 2
19:00 1 2 3 2 1 2 2
20:00 1 2 2 2 1 1 2
21:00 1 2 2 1 1 1 3
22:00 1 1 2 1 1 1 3
Fridays
Facility Type
5/7-Lane with CTWLTL 2-Lane with Turn Lane at 
Intersection
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are assumed to have light congestion. By taking the number of calls at certain times and 
cross-calculating with typical traffic congestion, 45% of calls occur with light traffic 
congestion, 39% of calls occur during medium traffic congestion, and the remaining 16% 
of calls occur during heavy traffic congestion. 
 
 
Figure 4.17 Typical times for calls in Lexington, Kentucky 
 
4.4 ddEMSCAT 
 
ddSAFCAT shows the potential number of lives saved on roadways based on the 
CAV technology, but the number of roadway fatalities is only a fraction of the number of 
lives saved by CAVs. For instance, in 2015 there were 137,000 emergency visits via EMS, 
with approximately 25% having life threatening causes, creating a chance of survival with 
quicker response time due to CAVs (RapidSOS). ddEMSCAT aims to branch off from 
ddSAFCAT by showing how CAV technology can save lives not only from the roadways, 
but also by faster EMS response times. ddEMSCAT breaks down into separate pieces, 
including patient information, response information, roadway facilities, percent of calls 
with traffic, market penetration, and finally time savings. With the data shown in chapter 
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2 and earlier in chapter 4, the tool becomes highly data driven, except the market 
penetration of the technology, which is still highly speculative. By using the market 
penetration calculator from ddSAFCAT, the response times in Lexington from January 
2019, and the number/type of patients, the tool calculates the time savings, which then 
shows the potential number of lives saved.  
The user interface of ddEMSCAT is similar to ddSAFCAT, but an explanation is 
needed for users unaware of either forecasting tool. Figure 4.18 shows the user interface of 
ddEMSCAT from excel, displaying a variety of different colors. To explain the colors, 
Figure 4.19 shows the key to the tool, where light blue includes user inputs, light green 
indicates data informed statistics, gray performs excel calculations used in computing the 
number of lives saved, and gold indicates the number of lives saved due to the change in 
response times. Although the interface is complex, Figure 4.20 is a flow chart, and then the 
tool is broken down into each category for further discussion. 
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Figure 4.18 Screenshot of ddEMSCAT forecasting tool 
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Figure 4.19 Key to ddEMSCAT forecasting tool 
 
 
Figure 4.20 Flowchart for ddEMSCAT forecasting tool 
 
4.4.1 Patients 
The number of patients is determined by area and time period. With different data 
sources, the cell was highlighted in light blue to allow a user to test different scenarios. As 
shown in chapter 2, the data for this thesis was limited to Fayette County, Kentucky and 
the timeframe included January 2019. With one month of data in Fayette County, there 
were 3,995 calls, shown in Figure 4.21. The cells in green show the research inputs of 15% 
non-cardiac arrest, life threatening patients and 9.7% cardiac arrest patients. The remaining 
KEY
User Inputs
Data Driven
Calculated
Lives Saved
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75% include other calls, still seeking trauma center care, yet the injuries or illnesses are not 
considered to be time sensitive. The final three cells are highlighted in gold, showing the 
potential outcomes for patients. The numbers show the minimum of number of lives saved 
based on the 1-2% mortality rate for every untreated minute of non-cardiac, life threatening 
patients and a 7-10% mortality rate for every untreated minute of cardiac arrest patients. 
 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 8: 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝑆𝑆𝑚𝑚 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝑚𝑚
= (𝑁𝑁𝐸𝐸𝑚𝑚𝑁𝑁𝑚𝑚𝑁𝑁 𝐸𝐸𝑜𝑜 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝑚𝑚 ∗ 𝐶𝐶𝐸𝐸𝑁𝑁𝐶𝐶𝐸𝐸𝐸𝐸𝑠𝑠 𝐴𝐴𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝐸𝐸 𝐹𝐹𝐸𝐸𝑠𝑠𝐸𝐸𝐸𝐸𝑁𝑁)
+ (𝑁𝑁𝐸𝐸𝑚𝑚𝑁𝑁𝑚𝑚𝑁𝑁 𝐸𝐸𝑜𝑜 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝑚𝑚 ∗ 𝑁𝑁𝐸𝐸𝐸𝐸 − 𝐶𝐶𝐸𝐸𝑁𝑁𝐶𝐶𝐸𝐸𝐸𝐸𝑠𝑠 𝐴𝐴𝑁𝑁𝑁𝑁𝑚𝑚𝑚𝑚𝐸𝐸 𝐹𝐹𝐸𝐸𝑠𝑠𝐸𝐸𝐸𝐸𝑁𝑁) 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 9: 𝑀𝑀𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸𝑀𝑀
= 𝐸𝐸𝑁𝑁𝐸𝐸𝑆𝑆𝑚𝑚𝑀𝑀 𝐸𝐸𝐸𝐸𝑚𝑚𝑚𝑚 ∗ 𝑚𝑚𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸𝑀𝑀 % ∗ 𝑁𝑁𝐸𝐸𝑚𝑚𝑁𝑁𝑚𝑚𝑁𝑁 𝐸𝐸𝑜𝑜 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝑆𝑆𝑚𝑚 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝑚𝑚 
 
 
Figure 4.21 Patients segment of ddEMSCAT forecasting tool 
 
4.4.2 Travel Time 
Response information contains all data needed to perform response time 
calculations. The response information shown in Figure 4.22 includes data from Fayette 
County, including the distance from the scene to the nearest fire station. Due to the data 
lacking a starting point for EMS, an assumption was made that every call originated at the 
nearest fire station housing EMS. Once the distances are shown, the average response times 
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are shown from chapter 2. By having the average run time and time to enroute, the tool can 
compare the calculated run time to the average run time, which then calculates the number 
of lives saved. The minimum and maximum distances are not used, but instead show the 
user the differences in the distances and time of response for different calls. 
 
 
Figure 4.22 Response information of ddEMSCAT forecasting tool 
 
Roadway facilities require different EMS routing at intersections and throughout 
corridors, but depicting the distances covered by EMS on facility types is unpredictable 
because calls occur everywhere. The first thought was to use VMT of all vehicles to see 
how often each facility is used, but unfortunately EMS do not have the same VMT per 
facility type and the EMS VMT is not available. The next idea was to use the Highway 
Information System (HIS) from the Kentucky Transportation Cabinet (KYTC). HIS shows 
how many miles of each facility are available in each county. With the mileage of each 
facility, it is possible to see what percentage of roadway each response would require. In 
Fayette County, only 10% of roadways are freeways, while the VMT is much higher. With 
the percent of mileage and speed limit for each facility shown in Figure 4.23, the free flow 
speed can be calculated for EVs, completely eliminating stop and start due to VELs. 
Average Minimum Maximum
Distance to Address 
(Miles)
0.91 0.00 6.45
 Time From Call To On 
Scene (Mins)
9.20 0.00 66.23
 Time To En Route (Mins) 4.83 0.02 37.17
 Run Time (Mins) 4.37 0.00 48.43
 Travel Time To Hospital 
(Mins)
8.80 0.02 37.17
 Total Time 25.13 0.00 138.40
Response Information
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Figure 4.23 Roadway facilities portion of ddEMSCAT forecasting tool 
 
As discussed in section 4.3, the time of calls is important for calculating run time. 
When congestion is light, then the EV will have a smoother response than calls during 
heavy congestion. This portion of the tool is the last data driven portion, allowing users to 
place data in from different states or cities. By having the percent of each congestion level, 
the EV response time can be calculated with 0% market penetration to compare to the 
actual run time from Fayette County. Figure 4.24 shows the percent of congestion by the 
three levels, the market penetration, and the time savings. Since market penetration is 
speculative, the user has the ability to see time savings from 0% to 100% of market 
penetration of both autonomous vehicles and connected technology. With only higher 
levels of automation having the ability to respond to EVs without human interaction, only 
levels 3.5 to 5 have a user market penetration cell. Since connected technology has the 
ability to save a maximum of 34% of response time, and total combination of CAVs has 
68%, the connected technology combines to make 50% of the total market penetration, 
while autonomous vehicles make up the remaining 50%.  
Facility Type Mileage
% of 
Mileage
Speed 
Limit 
(MPH)
Freeway 69.4 10% 70
% of 5/7-Lane CTWLTL 43.3 6% 40
4-Lane with Turn Lane 
at Intersection
96.2 14% 45
2-Lane with Turn Lane 
at Intersection
367.9 53% 35
2-Lane without Turn 
Lanes
17% 25
Roadway Facilities (Fayette)
115.2
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Figure 4.24 Percent of calls, market penetration, and time savings  
 
Once all of the data and speculative cells are filled, the time savings calculator runs 
through the average response distance, roadway facilities data, traffic congestion factors, 
market penetration, and finally the travel time equations to calculate the travel time without 
CAVs and time with CAVs, finally showing the time savings. Both times are represented 
on the graph in Figure 4.25, showing the mortality rate of patients. With the maximum, 
minimum, and average mortality rate calculated for both cardiac arrest patients and life 
threatening, non-cardiac arrest patients, the number of total number of lives saved is shown 
in the gold box, displayed in Figure 4.21. The number of lives saved is calculated using the 
mortality percentage at the typical response time minus the new mortality percentage and 
multiplied by the number of life threatening patients. By having CAV technology, potential 
time savings reach a maximum of 68% in decreased run time, which is approximately 3.22 
minutes in urban areas. The new average response time is 6 minutes, which is still higher 
than the 5 minute increased factor time, but is lower than the 8 minute increased factor 
time, saving many lives in the process. 
 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 10: 𝑇𝑇𝑁𝑁𝐸𝐸𝑆𝑆𝑚𝑚𝑀𝑀 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 @ 𝐹𝐹𝐹𝐹𝑆𝑆 = 𝐹𝐹𝐸𝐸𝑠𝑠𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸𝑀𝑀 % ∗
𝐷𝐷𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝑠𝑠𝑚𝑚
𝑆𝑆𝐿𝐿 + 10
∗ 60 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 11: % 𝑆𝑆𝐸𝐸𝑆𝑆𝐸𝐸𝐸𝐸𝑆𝑆𝑚𝑚 =
1 − 𝑇𝑇𝑇𝑇 @ 𝐹𝐹𝐹𝐹𝑆𝑆
𝑇𝑇𝑇𝑇 𝑤𝑤𝐸𝐸𝐸𝐸ℎ 𝑇𝑇𝑁𝑁𝐸𝐸𝑜𝑜𝑜𝑜𝐸𝐸𝑠𝑠 𝐹𝐹𝐸𝐸𝑠𝑠𝐸𝐸𝐸𝐸𝑁𝑁
 
16%
% During 
Heavy 
Traffic
Percent of Calls
% During 
Medium 
Traffic
% During 
Light Traffic
45%
39%
% AV of Level 0 to 
Level 3                  
(Does not 
contribute to EMS)
0%
% AV of Level 3.5 to 
Level 5
100%
% V2V 100%
% V2I 100%
Total CAV 
Contributing
100%
Market Penetration
Travel Time 
with CAVs
1.18         
Time Savings
Travel Time 
(Calculated)
4.40         
Time Savings 3.22         
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𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 12:𝐶𝐶𝐸𝐸𝑀𝑀𝑠𝑠𝐸𝐸𝑀𝑀𝐸𝐸𝐸𝐸𝑚𝑚𝐶𝐶 𝑇𝑇𝑇𝑇
= 1 − % 𝑆𝑆𝐸𝐸𝑆𝑆𝐸𝐸𝐸𝐸𝑆𝑆𝑚𝑚 ∗ 𝑀𝑀𝐸𝐸𝑁𝑁𝑀𝑀𝑚𝑚𝐸𝐸 𝑃𝑃𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 ∗ 𝑇𝑇𝑇𝑇 𝑤𝑤𝐸𝐸𝐸𝐸ℎ 𝑇𝑇𝑁𝑁𝐸𝐸𝑜𝑜𝑜𝑜𝐸𝐸𝑠𝑠 𝐹𝐹𝐸𝐸𝑠𝑠𝐸𝐸𝐸𝐸𝑁𝑁 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 13:�𝑇𝑇𝑁𝑁𝐸𝐸𝑆𝑆𝑚𝑚𝑀𝑀 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑤𝑤𝐸𝐸𝐸𝐸ℎ 𝑇𝑇𝑁𝑁𝐸𝐸𝑜𝑜𝑜𝑜𝐸𝐸𝑠𝑠 ∗ % 𝐸𝐸𝑜𝑜 𝑀𝑀𝐸𝐸𝑀𝑀𝑚𝑚𝐸𝐸𝑆𝑆𝑚𝑚 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 14: 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑆𝑆𝐸𝐸𝑆𝑆𝑚𝑚𝐶𝐶
= 𝑇𝑇𝑁𝑁𝐸𝐸𝑆𝑆𝑚𝑚𝑀𝑀 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑇𝑇𝐸𝐸𝐶𝐶𝐸𝐸𝑀𝑀 − 𝑇𝑇𝑁𝑁𝐸𝐸𝑆𝑆𝑚𝑚𝑀𝑀 𝑇𝑇𝐸𝐸𝑚𝑚𝑚𝑚 𝑤𝑤𝐸𝐸𝐸𝐸ℎ 𝑀𝑀𝐸𝐸𝑁𝑁𝑀𝑀𝑚𝑚𝐸𝐸 𝑃𝑃𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 
 
 
Figure 4.25 Compounded mortality rates over response time 
 
4.4.3 Sensitivity Analysis 
A sensitivity analysis was conducted for ddEMSCAT, shown in Table 4.3. The sensitivity 
analysis shows just how important certain aspects of the tool are. To explain the changes, 
the analysis looks into the change in the average distance, a percent change in the roadway 
types used, a change in the speed limit, how much an intersection will change the percent 
savings, and how a percent changed in traffic congestion will affect the overall tool. 
Everything was compared to the standard tool, which was used for calibration at the 
beginning. Most portions of the tool change the tool slightly, but intersections seem to have 
the biggest effect on the tool. Intersections generally provide the most interruption to the 
response time, as the emergency vehicles usually have to stop or slow down, which only 
has to happen on open roadways when the vehicle needs to turn or if a distracted driver is 
not getting out of the way.  
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Table 4.3 Sensitivity Analysis 
 
 
4.5 Comparing Response Times with Different Market Penetration Levels 
 
Visual representations of the data show how response times decrease as the market 
penetration of CAVs increase. Figure 4.26 below shows all of the calls with response times 
over 5 minutes and over 8 minutes in Fayette County, Kentucky in January 2019. Without 
any CAVs penetrating the market, the number of calls over the 5 and 8 minute time frames 
are high, but CAVs can improve the number of calls within this threshold. Figure 4.27 
shows the number of calls with a market penetration of 50%. In this case, less points is 
actually a good thing, allowing CAVs to limit the number of calls over 5 minutes and 8 
minutes. The final figure, Figure 4.28, shows the number of calls occurring over 5 minutes 
and over 8 minutes with a 100% market penetration. By having a full market penetration 
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of CAVs, the number of patients with serious, time-sensitive, issues have the best possible 
chance of survival, compared to the chance of survival with human driven vehicles on the 
roadways. Fire stations were added to the final map to show the distance traveled to each 
call, giving a visual aide to how the distance will add time to some cases. 
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Figure 4.26 Map of Fayette County with 0% CAVs 
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Figure 4.27 Map of Fayette County with 50% CAVs 
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Figure 4.28 Map of Fayette County with 100% CAVs 
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CHAPTER 5. CASE STUDIES 
We have discussed the relations between connected and autonomous vehicles and 
a decrease in emergency response time in urban areas through the use of a forecasting tool. 
However, the forecasting tool, ddEMSCAT, was calibrated for the emergency medical 
services in Lexington, Kentucky. To show how the equations work in the forecasting tool, 
a case study of fire response times was conducted. An open records request was made to 
the Lexington Fire Department for run times and routes for three to five separate calls. The 
Lexington Fire Department provided three cases with the automated vehicle locator, run 
times, and trucks dispatched for three calls. Three separate structure fires occurred from 
February 1, 2019 through February 12, 2019, representing faster and slower response 
times, as well as the potential for data inaccuracies. 
This chapter is organized into three sections. Each section shows an incident along 
with the reason of emergency, the actual response times, the roadways used, and finally 
the calculated response times with a 0% market penetration, 50% market penetration, and 
full market penetration. A discussion follows each incident, showing how ddEMSCAT 
predicts the response time. By adjusting ddEMSCAT for each case, the response time 
savings can be shown through the implementation of connected and autonomous vehicles 
to the current roadway network. 
 
5.1 Case #1 
The first case describes the vehicles called for a working structure fire. The call was 
placed at 08:31:46 on a Thursday. By checking with the AVL, the dispatcher found three 
of the closest available fire engines and two of the closest available ladder trucks to respond 
to the incident. The dispatch time, enroute time, and at scene time is shown in Figure 5.1 
for each vehicle responding to the call. 
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Figure 5.1 Dispatch inquiry for case studies. 
 
Along with the dispatch inquiry, the AVL map shows the closest vehicles available, 
as well as the routes for the vehicle to take. The map provides the route information and 
the house location, which was left off of this report to avoid HIPAA violations. The route 
information was then copied into Google Maps with typical travel congestion on. With the 
congestion shown for 8AM and the distance of each roadway facility shown, the 
information was placed into ddEMSCAT to see the calculated travel time at 0%, 50%, and 
100% market penetration for each vehicle, shown in Table 5.1. When calculating the times, 
two run times seemed to be unreasonable, including Ladder 01 and Ladder 06. Ladder 01 
was shown to be away from the station at the time of the incident, taking the one minute 
calculated factor out of the run time equation. Although the run time is excellent, the tool 
was built to calculate run times from the fire station. The other run time causing issues was 
Ladder 06. Ladder 06 was shown to have a 12.1 route distance which was covered in 9.05 
minutes. To drive 12.1 miles in 9 minutes, the vehicle had to be traveling in a straight line 
at 80 miles per hour, which is not possible with intersections and turns. A data inaccuracy 
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was suspected, resulting in the response being flagged and removed from the average. After 
the inaccurate data was removed, the three engine times were examined and calculated, 
showing the calculated time within 0.2 minutes in the first run, 0.03 minutes for the second 
run, and 0.4 minutes for the last run. Engine 19 had an 11.5 mile response distance, 
resulting in a higher chance of slowing down due to human drivers and more turns. Despite 
the long distance, the calculator was close to the actual times. 
Table 5.1 Call 1 data and averages 
 
 
5.2 Case #2 
The second case, shown in Table 5.2 occurred at 13:35:15 on a Friday in a 
residential area of Lexington, Kentucky. The second call followed the same method as the 
first by finding the route taken to the call, the distances and route congestion placed into 
ddEMSCAT for calculation. Unfortunately, this call, similarly to the first call, contained 
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data discrepancies. Engine 16 showed a negative run time, meaning the engine did not call 
enroute to the seen, but alerted the dispatcher of scene arrival. Engine 07 had the opposite 
problem, calling enroute, but then failed to alert the dispatcher of arrival. Both data 
problems are the result of not properly reporting data, which is the last problem for first 
responders, as it is understood that the incident is the top priority. Despite the mistakes in 
data, proper data was still obtained for three fire responses, including Engine 22, Ladder 
07, and Ladder 06. Engine 22 had a run time of just over 4 minutes, when the calculated 
time was 0.41 minutes longer. At the same time, Ladder 07 contained the same route, but 
took 4.67 minutes to arrive on seen. With the two EVs having a different response time 
and the same route, ddEMSCAT prevails to be calibrated correctly, as the calculated time 
was 4.53 minutes and between the actual run times. Response time varies for every vehicle 
because human factors and intersections cause a different situation for every run, forcing 
the calculations to be an estimate and not exact. The average run time for the three EVs 
was 5.4 minutes, which was 0.27 minutes over the actual average. With a 50% market 
penetration, the response time could drop approximately 45 seconds, whereas the response 
time drops 90 seconds with a full market penetration of CAVs.  
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Table 5.2 Call 2 data and averages 
 
 
5.3 Case #3 
 
The final response information provided by the Lexington Fire Department 
occurred on a Tuesday at 18:14:56, when traffic congestion is usually high, shown in Table 
5.3. Despite the higher congestion, each run seemed to have a reasonable response time 
compared to the calculated times. The quickest route for each EV was on a divided roadway 
with typically high congestion and many intersections, resulting in a higher calculated 
response time. The three engines had a lower run time than the calculated, while Ladder 
03 had a longer response time and Ladder 01 was almost precisely calculated from the 
equations. Despite the average run times being overestimated, ddEMSCAT calculated the 
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run time within one standard deviation of all run times in Lexington, and the market 
penetration of CAVs shows quicker response times for the EVs. 
 
Table 5.3 Call 3 data and averages 
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CHAPTER 6. CONCLUSION 
Throughout this thesis, the goal was to see how many lives could be saved by 
decreased emergency response time due to connected and autonomous vehicles. Through 
the motivation of how many people are dying due to response time, we can see how the 
ability of connected and autonomous vehicles to pose a solution to the problem. By looking 
at the current conditions, the mortality rate of time-sensitive patients with respect to 
emergency response time, and the increased awareness with connected and autonomous 
technology, it becomes apparent just how important adding technology to limit human 
driver interference during emergency response situations. 
 
6.1 Summary 
 
Summarizing this thesis, we have analyzed the current conditions of emergency 
response time. The current procedures are in place for safety precautions against human 
drivers in the current roadway network. The response times across the nation are delayed 
due to the procedures and have a correlation with the mortality percentage for time-
sensitive cases. By seeing how people are dying and how response time can help prevent 
it, we can see how something needs to change to reduce the response time. 
After the problem was recognized, a solution was needed to help decrease the run 
time aspect of total response time. By understanding what technology offers, we present 
solutions. Connected and autonomous technology aims to remove human interference, 
which would then remove certain policies preventing emergency vehicles from responding 
at maximum capacity. Although the technology has the ability to assist emergency 
response, we need to know just how much connected and autonomous vehicles can help. 
By knowing the problem and solution, we are able to bring the two together to show 
the results with ddEMSCAT. By having different levels of market penetration and knowing 
how much the technology can contribute, we can see that connected and autonomous 
vehicles have the ability to reduce the average emergency response time by over three 
minutes, which is also a reduction in cardiac arrest mortality rate by 35% and non-cardiac 
arrest and life-threatening mortality rate by 35%. Most time-sensitive conditions have a 
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large jump at the five minute mark and the eight minute mark. This document shows how 
connected and autonomous vehicles can bring the average response time under the eight 
minute mark and just above the five minute mark, saving many lives in the process. 
Once the forecasting tool showed the time savings and the number of lives saved, 
a sensitivity analysis was performed to show how each input would change the overall 
outputs. The case studies were added to show data inaccuracies and how response times 
could be reduced through the implementation of connected and autonomous vehicles. 
Through three cases and eleven different response times, ddEMSCAT showed that the 
calculations were within one minute of each response and how a 50% and 100% market 
penetration of connected and autonomous vehicles would allow the emergency vehicles to 
respond quicker than the present. 
 
6.2 Limitations 
 
Although the forecast with connected and autonomous vehicles has the ability to 
advance emergency response times, limitations did occur within this thesis. Collected data, 
or lack thereof, required many assumptions, as well as the time for proper care, locations 
of calls, and simulations. This thesis and ddEMSCAT merely lay out the foundation of 
emergency response times with connected and autonomous vehicles, while the 
assumptions were needed to produce a study and open the door for more research in this 
area. 
 
6.2.1 Data Assumptions 
Some of the limitations is within the data. KEMSIS provided data for Fayette 
County, Kentucky based on EMS runs during January of 2019. Unfortunately, there were 
some errors within the data, including the origin of the emergency vehicle, incorrected data 
such as calls labeled “Emergent,” the unknown time from curb-to-care of response time, 
the outcomes of the patients, and the VMT of EMS. Without complete data, we were forced 
to use averages to estimate run times, which is not entirely correct, since each run is 
different and has different types of interference. 
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Without the knowledge of the origin of the EMS first responder, the assumption 
was made to have the nearest fire station be the location of origin. Unfortunately, this 
assumption is incorrect, as AVLs are used to find the nearest available unit, having many 
of the EVs on the roadway already or at a nearby location on standby. Through the 
assumption of fire stations, the distance could be shorter or further to the call. 
Another assumption is whether the call was emergent and time-sensitive, or just 
emergent. The calls are labeled as “Emergent” or “Non-Emergent.” The “Non-Emergent” 
calls were removed immediately from the average response time calculations, but some of 
the “Emergent” calls had a response time of over one hour. If the call is considered 
“Emergent,” then the response time included outliers. At the same time, there were many 
calls where the response time was zero or lasted a few seconds. These errors would also be 
placed as outliers, since the response was either incorrectly coded or the unit was on scene 
when another incident occurred. The outliers were left in the average equation since the 
call was labeled “Emergent.” 
Curb-to-care time is another assumption needed for this thesis. The time was not 
placed on reports, yet the curb-to-care time is a key component of response time. The 
response time ends when the vehicle arrives at the scene, but the personnel still need to 
leave the emergency vehicle and walk to the patient, usually in a building. The time from 
curb-to-care is different for every call, but also a vital component for time-sensitive patients 
(Gilliam, 2017). Without the curb-to-care time placed, the assumption is made that the 
arrival time is when the medical personnel reach the patient. 
Another limitation within data is the outcome of each patient. Without the 
knowledge of the patient’s outcome, an assumption had to be made using national statistics 
for mortality rates of different time-sensitive cases. The proper care could have saved the 
patient on the way to the nearest trauma center, or the proper care could have been too late. 
By having the outcomes, the actually mortality rate could be used for the number of lives 
saved. 
The final limitation within the data is the ambulance VMT. VMT for normal 
vehicles is estimated, but EMS usually drive on different roadways during different times. 
Without the VMT of EMS, the assumption had to be made through the percentage of 
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different roadway classes, which can be close to the realistic, but may not be entirely 
accurate. 
 
6.2.2 Time for Proper Care 
Time for proper care is a key limitation for this research. The assumption was made 
that the first responders are the first personnel to take care of the patient. In many cases, 
this is true. There are cases where an off-duty, medically trained person is in the vicinity 
of a patient and can perform cardiopulmonary resuscitation (CPR) until the first responders 
can arrive and take care of the patient. In the cases where CPR is performed, the patient’s 
mortality rate changes, allowing for more time before death occurs. 
 
6.2.3 Urban Areas versus Rural Areas 
This thesis was centered on Fayette County, Kentucky, which hosts the city of 
Lexington. Since cities have the most traffic congestion and signalized intersections, there 
is more interference for emergency vehicles, whereas the largest interference in rural areas 
is the distance traveled to any given call. Within urban areas, connected and autonomous 
vehicles will prove to be beneficial to the emergency response time, while rural areas will 
not see drastic changes in most cases. ddEMSCAT still has the ability to predict response 
time in rural areas, but the free flow time will not be completely different from the current 
response times. 
 
6.2.4 Simulations 
The final limitation of this research is the lack of simulations for virtual emergency 
lanes. Simulations exist for connected and autonomous vehicles and emergency 
responders, but simulations do not currently exist for changing the reactions of connected 
and autonomous vehicles under different circumstances. The vehicles still move to the 
right-hand side of the road, although that is not always the best way to leave the right-of-
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way for emergency vehicles. With simulations, the calculations will not be the driver for 
emergency response time comparison under different market penetration levels. 
 
6.3 Recommendations for Future Work 
 
This thesis covered a lot of the theoretical boundaries through the use of current 
data and attempting the future forecast with the potential of connected and autonomous 
vehicles. Even with the results showing that the implementation of connected and 
autonomous vehicle technology is positive for emergency response, future work will 
solidify the need for the technology. Future considerations include working backwards 
from the patient outcomes to the response time, enhancing ddEMSCAT by binning the 
data, and simulations with VELs. 
CODES was a program showing the hospital results of patients delivered by EMS 
(Milani et al., 2015). Although the program was on the cusp of violating HIPAA, the data 
is still needed to enhance current operations and make sure the best possible response is 
available for patients. By working from the patient outcome towards ddEMSCAT, the 
number of lives would have an accurate number instead of the percent of mortality. Another 
key component to working backwards is whether the response time actually has an effect 
of mortality. Research shows that it changes the mortality, but knowing exactly what can 
be done to certain cases can have a drastic impact on mortality as well. 
Although the forecast seems to be accurate, enhancing ddEMSCAT is the next step 
in creating a clear future of CAVs and EMS. Once more knowledge is made on CAV 
technology, we can create a clearer picture of the future of EMS response times. Binning 
the response times can show how some runs can be improved, while others are already 
accurate. Binning can be done by choosing the runs by time through the standard deviation 
from the average. Response times within two standard deviations on quicker response times 
will need the least amount of assistance from CAVs, whereas calls within two standard 
deviations on the slower response times will need the most assistance from CAVs. The 
times can then be adjusted and a new average time would show the exact amount of lives 
saved from quicker EMS response times. 
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Another recommendation for future work includes simulations with VELs. In the 
limitations, simulations are available for CAVs and EMS response, but the simulations 
have all vehicles moving to the right-hand side of the road upon an approaching emergency 
vehicle. By adding VELs to simulations, response times can be reevaluated and the 
simulations can produce the exact amount of time savings, which can in turn paint a more 
accurate picture of the number of lives saved by connected and autonomous vehicles 
through quicker emergency response times. 
The final recommendation for future work includes the recovery after an emergency 
vehicle passes an intersection. With the normal traffic patterns changing, some areas may 
receive more congestion since the allotted green time is lessened. By looking into the 
recovery time, traffic patterns can change around the network to allow for a smaller 
recovery and keep the system as optimal as possible. 
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APPENDICES 
APPENDIX 1. INTERVIEW WITH LOCAL FIREMAN 
1) How do you determine the best possible route during calls? 
CAD dispatching gives them a route. It is a suggestion, accounts for distance, speed 
restrictions (adjustable to allow for higher EMS speeds), the rest is just knowing your 
district. GPS always catches up to make a suggested route. 
2) What system do you use? GPS, mapping, prior knowledge? 
CAD dispatching with GPS and prior knowledge. They do not have live traffic tracking. 
They do look at Google maps to see if they should drive the wrong way down the highway. 
 
3) How does pre-emption work, and does it always work? 
The dispatch works and Lexington is structured with plan B to reduce all of the response 
units. Severe weather will allow for 1 truck instead of 10. They are not staged. It depends 
on coding, but they don’t do that. 911 is an emergency, period. Other services are used for 
non-emergencies. “I am dying now, I need help now.” Those mess with the dispatching. 
12-24 runs per shift. Ambulances have 3 people on it, part of the fire department. 
4) Does the peak hour traffic change routing?   
Yes, see above. 
 
5) How does Incident-based delay affect routing (if it does)? (RR, crash, 
roadwork, …) 
Some of the things they know already. Can delay it a lot. They know construction already 
through streets and roads. It updates GPS with MDT’s. Need traffic integration. Side 
accidents from rear-ends because of the EMS coming. They need to check on the new 
accident before proceeding. 
6) Do you think there is a significant benefit to quicker response times? (Is this a 
problem?) 
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It is definitely a problem. It could benefit to fire and EMS. Houses burn way faster today 
than before. Knocking 30 seconds off could change weather the house is safe or unsafe to 
enter. 
 
7) A virtual emergency lane is (also HOV, HOT, lanes) … How much easier 
would response be with a virtual emergency  (or xxx) lane? 
They already do this on Winchester road. They use the turn lanes. It is significantly easier. 
 
8) What is the protocol for approaching a red light?  Green light? 
Supposed to stop, but usually roll through at about 10-20 mph. Ease up and give people 
time to react. Protocol mandates a full stop… the truck is heavy and drivers don’t pay 
attention. People react better if you take control and don’t stop.  
9) Is there an urgency or a level of priority for calls? Fire versus accident versus 
cardiac arrest? 
Not for Lexington. Run for emergency unless proven otherwise. Could change if the person 
calls again and tells the dispatcher that it is not an actual emergency… They can continue, 
just slow the response down. 
10) How do you track routes used for emergency calls (if you do)? 
They do not at the company level, but the GPS is recorded and there is data somewhere, 
as long as the truck knows. 
 
11) Do you have access to any data (run logs, etc.) that might indicate route used, 
Origin/Destination, time of day, O/D times, etc.? 
Request through computer operations and services. Open Records request. 
12) Does each station have a set response zone?  What happens if you’re already 
out on a call and they need you?  Can you be dispatched from the field, e.g., 
when you are responding to another, less urgent call, or perhaps on your way 
back from a call? 
 
Yes. They have districts. AVL Auto Vehicle Location… but now they look at which one 
is closer based on response times. They still need to know the district for pre planning and 
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knowing the area. If the dispatch computer system fails, then the old method is used for 
dispatching. 
The major stays aware, but they can be released if it is a smaller incident versus a longer 
incident. Could be added to different runs. They can jump on if already in the field. 
 
13) Other things we should be thinking about? 
The neighborhood street width is slim. Parked cars can get in the way of the responders. 
Water supply becomes an issue as well and houses cannot be saved. This would not be as 
big of a problem with CAVs. People ignoring the scenes and drive right through the 
emergency. Could geofence the area with CAVs, since traffic is by far the worst when it 
comes to deaths.
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 APPENDIX 2.  TRAFFIC CONGESTION BY DAY OF WEEK 
 
 
Freeways
4-Lane with Turn 
Lane at Intersection
2-Lane without 
Turn Lanes
Time
I-64/I-75 Near 
Lexington, 
Kentucky
S Broadway   
Lexington, 
Kentucky
Nicholasville 
Road Lexington, 
Kentucky
E New Circle Road 
Lexington, Kentucky
Rose Street    
Lexington, 
Kentucky
Red Mile Road/               
S Forbes Road  
Lexington, Kentucky
N Mill Street 
Lexington, 
Kentucky
6:00 1 1 1 1 1 1 1
7:00 1 1 1 1 1 1 1
8:00 1 1 1 1 1 1 2
9:00 1 1 1 1 1 1 2
10:00 1 2 2 2 1 1 2
11:00 1 2 3 2 2 2 2
12:00 1 2 3 2 2 2 2
13:00 1 2 3 2 2 2 2
14:00 1 2 3 2 2 2 2
15:00 1 2 3 2 2 2 3
16:00 1 2 3 2 2 2 2
17:00 1 2 3 2 2 2 2
18:00 1 2 3 2 2 2 2
19:00 1 2 2 2 2 2 2
20:00 1 2 2 1 1 1 2
21:00 1 1 2 1 1 1 2
22:00 1 1 2 1 1 1 3
Weekends
Facility Type
5/7-Lane with CTWLTL 2-Lane with Turn Lane at 
Intersection
90 
 
 APPENDIX 3. EVALUATION GUIDE  
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